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WHAT WE LEARN IN SCHOOL:  
COGNITIVE AND NON-COGNITIVE SKILLS IN THE EDUCATIONAL PRODUCTION 
FUNCTION 
María Emma García García 
This dissertation revisits the traditional educational production function, offering 
alternative strategies to model how achievement and socio-emotional skills enter the relationship 
and how they are affected during the schooling period. The proposed analyses use a combination 
of estimation methodologies (longitudinal, multilevel and simultaneous equations models) to 
empirically assess the importance of the different inputs in the educational process. These 
estimates can be compared to those obtained using traditional estimation methods to complement 
our understanding of what educational outcomes are generated in school and which school inputs 
are most important in producing certain outcomes. The analyses try to provide a broader 
understanding –both conceptually and statistically- of how education is produced and unbiased 
estimates of the relative importance of the determinants of academic and behavioral performance. 
Study design and methods 
This dissertation is composed of three empirical questions about the conceptual and 
statistical structure of the educational production function, aimed at identifying what educational 
outcomes are generated and what determinants affect them. The empirical analyses use the Early 
Childhood Longitudinal Study, Kindergarten Class of 1998-99. 
1. Estimation of cognitive achievement: an overview of the traditional educational 
production function 
2. Estimation of non-cognitive achievement: educational production function for 
non-cognitive skills 
 3. A simultaneous equations model of the determinants of educational outcomes: 
achievement and behavioral skills 
Question 1 involves the estimation of the production of cognitive skills, and educational 
achievement in reading and mathematics; Question 2 involves the estimation of the production of 
non-cognitive skills in school, and particular behavioral skills such as internalizing and 
externalizing behavioral problems, and self-control (reported by the teacher). I use three different 
estimation methods for both questions: ordinary least squares; students’ fixed effects; and 
multilevel students’ fixed-effects. 
In Question 3 I model the production of simultaneous outcomes, using a cross-sectional 
and a dynamic simultaneous equation model of the production of education. This framework is 
an attempt to account for simultaneity and interdependence between outcomes and several 
educational inputs, leading to a more realistic formulation of how different educational 
ingredients can be interrelated over time, and acknowledging that educational components can be 
both inputs and outputs of the process, at different points in time. The estimation methods are 
three-stage least squares for the cross-sectional estimates; and within-three stages least squares 
for the longitudinal model. 
Findings 
The findings obtained from the estimation of the three research questions indicate, in 
accordance with the existing literature, that the associations between teacher and schools 
characteristics and the production of cognitive skills and non-cognitive skills are small and 
mainly statistically insignificant.  
First, the results using students’ fixed effects estimation suggest that the effects of 
teacher’s educational attainment on the cognitive skills index; and experience on the non-
 cognitive skills index. Some effects of class size are also detected for the production of both 
skills.  
Secondly, the estimates using the multilevel students’ fixed effects estimation, which 
controls for the clustered structure of the ECLS-K dataset, indicate that some the effects of 
certain school level characteristics are statistically significant for the production of reading 
achievement. These variables are type of school (Catholic school versus public) or class size 
(medium size versus small). Similarly, the effects of certain teacher characteristics, such as 
higher educational attainment are statistically significant for the production of mathematics 
achievement. Regarding the non-cognitive skills, teachers with more experience lead to better 
non-cognitive skills, while students in private schools, versus students in public schools, have 
lower non-cognitive skills, as reported by their teachers.  
Finally, the results using the cross-sectional simultaneous equations model confer a 
statistically significance importance to the associations between cognitive and non-cognitive 
skills in all the grade-levels. Compared to the teacher and school characteristics associations, the 
coefficients associated with the simultaneous relationships are educationally important. 
Policy implications 
The design of a comprehensive model of educational outcomes and the study of their 
associations with the different school inputs are expected to uncover interesting features of the 
educational production process. Consequently, and building on all the existing knowledge on the 
production of education, these analyses can help to shed some light on fundamental knowledge 
for educational research: to better understand the educational process. The empirical findings 
arising from the study can be useful for informing policymakers and school practitioners and 
guiding decision making, by offering complementary frameworks that more accurately represent 
 the educational process. Finally, the results may be useful for designing and evaluating 
educational interventions that are efficient and effective in producing higher quality and quantity 
of educational outcomes, by incorporating the assessment of non-cognitive skills into the 
interventions’ expected outcomes. Indirectly, this could also stimulate the creation of newer 
theoretical frameworks, statistical methods and more comprehensive empirical sources for the 
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1.1. Background (context and motivation) 
Individuals in most countries of the world spend a considerably large amount of time in 
school, especially at younger ages. Schools, as structures designed by societies, play an 
important role in the development of individuals and citizens, whose skills in adulthood are 
critical to their wellbeing and also the wellbeing of societies themselves. In schools, students 
acquire formal knowledge, transmitted by teachers through the instructional framework of a 
curriculum, concepts and theories, and through self-learning. In addition to that, schools are one 
of the primary institutions where interactions among students and between students and teachers 
may shape their behavior and personality traits. This dissertation explores some of these 
processes and studies the mechanisms behind the relationships between students’ educational 
performance and school factors that may create or enhance learning and personal development. 
The analysis of the relationships between educational inputs and the students’ educational 





of Education, this dissertation represents a contribution to the production of education research. 
Through examining how to improve and complement our understanding of the process and 
production of education, it attempts to generate frameworks of analyses and discussion that can 
be useful across other areas of work in the discipline, such as the analysis of the benefits and 
costs of education, the returns to investments in education, the assessment of the quality of 
education, the analysis of financing policies that ensure equity and adequacy in education, and 
the assessment of the role of education in economic growth.
1
 
As with the economics of education field in general, our knowledge about the production 
of education has notably expanded since the discipline emerged in the middle of the twentieth 
century. Economics of education’s researchers have faced substantial limitations associated with 
a relative lack of tradition and background about the educational process during these decades 
among other difficulties. However, with serious dedication, they have provided solid 
contributions to the educational community, both from theoretical and empirical points of view, 
in the different areas of work embraced by the discipline. Indeed, remarkable breakthroughs have 
been made that have deepened our knowledge on several complex educational issues.
2
 However, 
after several decades of research in the educational production function field, researchers and 
policymakers continue to seek a conclusive explanation of how educational outcomes are 
generated, or what factors determine them. The debates around these issues are organized along 
two different dimensions. On the one hand, there is a debate around what the true outcomes of 
the educational process are, with some consensus among disciplines—psychology, sociology, 
education, etc.—on the belief that schooling enhances other skills besides formal cognition or 
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achievement. On the other hand, there is also a debate around what the optimal combination of 
educational resources should be, when looking at efficiency and effectiveness of educational 
systems.  
All the existing knowledge on the production of education up to now and also the current 
debates are embedded in this research endeavor. From them, this study aims at undertaking a 
further step: to provide a comprehensive analysis of what is produced in school, and how it is 
produced, utilizing statistical tools that have become available to researchers and have been 
relatively unexplored in the production of education. 
I frame the problem, research questions and expected outcomes in the sections below.  
 
1.2. Statement of the problem 
This dissertation embraces the study of “What we learn in school: cognitive and non-
cognitive skills in the educational production function”, revisiting the production of education 
as a result of the schooling process. The proposed analyses are conceptual and statistical 
extensions of the traditional educational production framework, and aim at providing 
comprehensive evidence on what is actually produced while individuals are in school, and which 
school inputs are most important in producing certain outcomes. 
While considerable attention has been paid to the evaluation of formal skills learnt in 
school, much less is known about the role of schools and teachers in the development of 
personalities or non-cognitive skills of students. Accountability, standards and assessment 
dominate the spectrum of the educational policy and the research agenda, but their definitions 
attribute little importance to other potential dimensions of learning that are not related to 





behavioral attributes (or non-cognitive skills
3
) in education could be justified, for the task of 
understanding the roles of soft or behavioral skills in the educational process. First of all, it is 
difficult to tackle abstract concepts such as motivation or conscientiousness –both conceptually 
and in their measurement. In addition to this, all the attributes (cognitive and non-cognitive) 
embedded in the educational process are subject to mutual dependence beyond independent 
change, which increases the requirements of the statistical frameworks used to model them.
4
 In 
fact, this dissertation explores the use of alternative methodological and statistical tools to study 
the importance of traditional educational inputs in determining educational outcomes plus 
assessing any interrelationships between inputs and outputs in education.  
Overall, the revision of the production function undertaken in this dissertation builds on 
three main premises from which the research questions studied in this dissertation are derived.  
 First of all, I assume that schooling promotes the development of several 
educational outcomes, such as formal cognitive skills and behavioral skills, as evidenced 
by the existing literature. Regarding this, the empirical analyses developed in this study 
constitute an attempt to model the production of multiple educational outcomes, diverse 
in their nature. This is seen as an extension of the traditional setting of the production of 
“achievement” in education, and also an attempt to provide a theoretical contribution to 
the production of education framework. 
 Secondly, this study benefits from the availability of comprehensive 
observational information about multiple educational outcomes for school-aged children. 
The database used is the Early Childhood Longitudinal Study, Kindergarten Class of 
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4
 The chosen model is a simultaneous equations model, explained in Sections 2.5.7 and 3.3.3. Other elements that 





1998-99 (ECLS-K), which includes a set of questions regarding the personality traits and 
behavior of the children, in addition to the traditional standardized cognitive achievement 
outcomes (in math, reading and sciences), between grade-levels Kindergarten to 8
th
. The 
cognitive variables are the students’ achievement in mathematics, reading and sciences. 
The non-cognitive variables are obtained from the teacher’s reported values on the 
student’s internalizing and externalizing behavioral problems, and self-control. Thus, the 
database provides us with the opportunity to examine the interdependence or cross- 
relational effects between skills, as well as the dynamic aspects of cognitive and non-
cognitive development or learning. 
 Thirdly, this dissertation uses the availability of relatively unexplored 
statistical methods in education to model and estimate the production of education, such 
as longitudinal multilevel estimation strategies, or simultaneous equations models. The 
longitudinal structure of ECLS-K allows us to study the dynamic aspects of cognitive and 
non-cognitive development
5
, and to estimate the causal effect of changes in school inputs 
on students’ outcomes. Besides this, the fact that repeated observations from students 
nested within schools may not be independent from each other is controlled for with the 
longitudinal multilevel models.
6
 The simultaneous equation models
7
 overcome the 
simultaneity bias, and provide a more realistic framework of how education may be 
produced. Overall, the methodologies are able to account for data-structure specificities 
(fixed effects and clustering) and statistical issues associated with the educational process 
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itself (potential biases associated with omitted variables, specification and estimation 
problems).
8
 Thus, they are expected to lead to more statistically precise estimates of the 
determinants of school performance. 
 
1.3. Empirical exercises-Research questions 
This dissertation is composed of three empirical questions about the conceptual and 
statistical structure of the educational production function, aiming at identifying what 
educational outcomes are generated and what determinants affect them.  
1. Estimation of cognitive achievement: an overview of the traditional educational 
production function 
2. Estimation of non-cognitive achievement: educational production function for 
non-cognitive skills 
3. A simultaneous equation model of the determinants of educational outcomes: 
achievement and behavioral skills 
Question 1 involves the estimation of the production of educational achievement in 
reading and mathematics; Question 2 involves the estimation of the production of non-cognitive 
skills in school, both using longitudinal multilevel models. These two questions explore whether 
the educational process may be such that two types of outcomes, cognitive and non-cognitive
9
, 
are generated, and the relevance of the teacher and school variables in predicting them. In 
particular, I first examine the determinants of achievement in reading and mathematics, and its 
development over time, for students from Kindergarten up to middle school (fifth grade). I 
extend this investigation to the identification of the determinants of performance in behavioral 
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skills such as internalizing and externalizing behavioral problems (reported by the student and 
the teacher), and self-control (reported by the teacher); also looking at changes over time. 
In Question 3 the proposed analysis develops a model that represents how education 
could be actually produced, building on the framework provided by simultaneous equation 
models for the production of cognitive and non-cognitive skills in school. This framework is an 
attempt to account for simultaneity and interdependence
10
 between outcomes and several 
educational inputs, leading to a more realistic formulation of how different educational 
ingredients can be interrelated over time, and acknowledging that educational components can be 
both inputs and outputs of the process, at different points in time.  
 
1.4. Contributions 
The design of a comprehensive model of educational outcomes and the study of their 
associations with the different school inputs are expected to uncover interesting features of the 
educational production process. Consequently, building on all the existing knowledge on the 
production of education, these analyses can help to shed some light on the fundamental 
cornerstone for education and research: to better understand the educational process.  
An overview of how the analyses developed in this dissertation will deepen our 
knowledge about the educational process, allows me to review some of the components that 
motivate the current study, which also shape its ulterior impacts.
11
  
 First of all, the dissertation examines the outcomes and production of 
outcomes in the educational process. Despite any limitations arising in the analyses
12
, 
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given the amount of individual and social dimensions directly and indirectly affected by 
education, this is seen as an important contribution: it is well-known that, in the short run, 
economic resources invested in education and therefore, not invested in any competing 
service, are quantitatively important.
13
 In the long run, education affects, if not 
determines, many outcomes in adulthood, including earnings, health, well-being, or a 
country’s quality of institutions.14  
 Secondly, this dissertation aims to provide the research field in the 
production of education with complementary frameworks that more accurately represent 
the educational process. In addition to modeling the existence of multiple educational 
outcomes, the frameworks would also reflect interdependences between outcomes and 
changes over time, and explain how other inputs affect their production, which may 
extend our current understanding of the educational relationships.  
 Thirdly, the empirical findings arising from the study can be useful for 
informing policymakers and school agents (practitioners) and guiding decision making, 
by uncovering a more realistic understanding of the educational ingredients.  
 Fourthly, the results may be useful for designing and evaluating 
educational interventions that are efficient and effective in producing higher quality and 
quantity of educational outcomes, by incorporating the assessment of non-cognitive skills 
into the interventions’ expected outcomes. Indirectly, this could also stimulate the 
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creation of newer theoretical frameworks, statistical methods and more comprehensive 
empirical sources for the study of education.  
 
1.5. Overview of the organization of the study 
This study is organized in eight chapters.  
The introductory chapter (Chapter I) explains the context and motivation of the study and 
provides an overview of its contents and organization.  
The literature review (Chapter II) summarizes existing literature that ascertains what is 
learnt in school. It provides an overview of the empirical and theoretical evidence on what is 
produced in the educational process, emphasizing the existence of arguments identifying both 
cognitive and non-cognitive skills in the educational process. The review presents a historical 
overview of the thoughts and theories on what schools produce (Section 2.2). Section 2.3 
justifies why a broad assessment of educational outcomes is a relevant topic for the economics of 
education field. Educational outcomes—both cognitive and non-cognitive skills—are defined in 
Section 2.4. Section 2.5 surveys the empirical evidence on what is produced in the educational 
process, under a comprehensive approach: the educational production function literature and 
extensions of it that acknowledge the impacts of behavior and non-cognitive skills on the 
production of education and other outcomes are reviewed. Cognitive and non-cognitive skills are 
analyzed as outcomes of the educational process, as inputs in the production of each other 
(cognitive skills as an input in the production of non-cognitive skills, and non-cognitive skills as 






Chapter III presents the methodology used in the empirical analyses. In particular, it 
explains the theoretical and statistical frameworks necessary to develop the proposed ideas. It 
also covers the estimation methodologies that are used for empirically testing the proposed 
research questions and associated specifications (the estimated equations). This chapter includes 
a discussion about potential biases affecting school impacts in the production of cognitive and 
non-cognitive outcomes, under different specifications and assumptions regarding the potential 
role of learning dynamics (Section 3.4). Finally, it reviews the identification assumptions 
underlying the empirical findings (Section 3.5), which determine their overall validity. 
The dataset is described in Chapter IV. The database used in the empirical analysis is the 
Early Childhood Longitudinal Study, Kindergarten Class of 1998-99 (ECLS-K), which has some 
useful features to address the questions stated in this research (Sections 4.1 and 4.2). We define 
the variables utilized in the study (Section 4.3), and connect them with one of the best-known 
classifications of non-cognitive variables—the Big 5 personality traits defined in Section 2.4—
which is extensively used in the literature nowadays (see Table 4.11). The criteria for selection 
of the population used in the analysis are explained (Section 4.4), and the characteristics of the 
analytical sample are described.  
Chapters V (for Research question 1), VI (for Research question 2) and VII (on Research 
question 3) present detailed analysis of the empirical findings of this study’s research questions. 
Some extensions are included after the analyses—especially in Chapter VII—in order to provide 
the findings with a sensitivity analysis or confidence interval for the true coefficient size, given 





Chapter VIII presents a summary of the key findings, together with a more detailed 
analysis of the implications for educational policy and further research that can be designed 
























In this chapter I review existing literature that assesses what is learnt in school. For this 
purpose, this review presents an historical overview of the thoughts and theories on what schools 
produce (section 2.2). This is used to support the hypothesis stated in the previous chapter, 
according to which schools are the site where many types of skills may be developed. Section 2.3 
justifies why a broad assessment of educational outcomes, as undertaken in this study, is a 
relevant topic for the economics of education field. Educational outcomes –cognitive and non-
cognitive skills- are defined in section 2.4, including a short overview of the theoretical 
framework that explains how educational outputs are produced
15
. The most important part of this 
chapter is devoted to surveying the empirical evidence on what is produced in the educational 
process, under a comprehensive approach (section 2.5). Cognitive and non-cognitive skills are 
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analyzed both as outcomes of the educational process, as inputs in the production of the 
complementary outcome, and as inputs in the production of other adulthood outcomes. Section 
2.6 concludes. 
 
2.2. An historical perspective of what is learnt in the educational process 
Before the seminal publications on the economics of human capital literature by Becker 
(1964) or Schultz (1961) were disseminated, other distinguished names (mainly philosophers, 
sociologists and psychologists) had provided interpretations and analyses of what education 
meant to societies and about the role of educational institutions in producing multiple skills. 
Theorists in sociology or psychology made remarkable attempts to identify educational outcomes 
other than traditional cognitive skills.
 16
 These outcomes, despite being relatively more difficult 
to define and less quantifiable than cognitive outcomes, were still notably detectable and 
important. These disciplines shed some light on new dimensions for the analysis of the purposes 
and consequences of education.  
Throughout the previous century, various authors attempted to ascertain how educational 
outcomes are produced and what the roles of schools, teachers and peers were in the production 
of formal knowledge and of personal traits. Although the perspectives summarized below are not 
fully in accord, they agree on acknowledging the diversity of educational outcomes, and attribute 
substantial relevance to non-cognitive skills in the formation of an individual and in school. 
Incorporating them into the economics of education would be, thus, a natural extension and 
challenge. 
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From a chronological perspective, Dewey (1916) defined education as a moral act, an 
activity with intrinsic and individualistic value through which the individuals develop and grow. 
Dewey was one of the main defenders of the liberal theory of education, and an exponent of the 
pragmatist approach to the definition of education. According to his view, the education process 
is an end in itself, not measurable by outcomes from the process, but from changes along the way. 
Thus, an array of outcomes for the individual would be generated while in school. 
A substantially different perspective was used by Inkeles (1966). His approach is known 
as the functionalist approach, where functional competencies in the individual are expected to be 
developed especially in the school years. For Inkeles, the main purposes of education and other 
social institutions are to build the total culture of a society. Education, through school, socializes 
individuals. It prepares them to function in a modern society and to become “competent adults”. 
Competence is defined in a broad sense, as the ability to attain and perform in valued social roles 
(p. 280). Becoming competent includes the development of skills related to knowledge –
command of language, arithmetic, different cognitive modes, etc.- and also personalities –
interaction effects, motives, etc.- (see figure on p. 267). For Inkeles, a skill is a “socialized 
aptitude”. His framework acknowledges the interaction between the person and the socio-cultural 
system, and the importance of identifying the most efficient way in shaping these personalities.  
Dreeben (1968)
17
 mentions that “traditional approaches to understanding the educational 
process have been concerned primarily with the explicit goals of school as expressed in 
curriculum content, pedagogy or methods of instruction” (p. 42). Under his view, this is not 
representative of the importance of schools, and his work reinforces Inkeles’s perspective on the 
role of school in the socialization of the individual. Dreeben viewed the school process in the 
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context of a developmental sequence that the individual experiences. The structural properties of 
schools (as of families) exert an influence in shaping the experiences of children and in 
promoting learning patterns of conduct. Schools are incorporated within an institutional network 
composed by family, economy and polity (p. 92). More concretely, schooling forms the link 
between the family life of children and the public life of adults, which means that it must provide 
experiences conducive to learning the principles of conduct and patterns of behavior appropriate 
to adulthood. According to this author, there are normative outcomes, values and behaviors or 
principles of conduct–learnt through the imposition of sanctions or rewards associated with 
teachers’ legitimacy- that are generated in the sequence of school experiences. Another 
important argument he raises is that teachers act beyond emotions that are typical from families, 
but they also administer particular social and emotional practices in order to motivate the 
students. School, for the individuals, is the place of work, and the relevance of the learned skills 
is judged in terms of its direct usefulness in later employment. 
A similar approach is offered by Gintis (1971) in which he emphasizes the multi-goal 
role of school. Gintis acknowledges the role of school as the institution where a path of 
individual personality development is produced. Features such as the grading system, or other 
pedagogic instruments are thought to shape the student’s future role as a working individual. 
“Failure of schooling to inculcate the required non-cognitive personality traits” is observed in 
groups where the rate of return to education is low (p. 267). 
Bowles and Gintis (1976) review the several functions of education, in line with several 
statements by Dewey. Education has an integrative function, an egalitarian function, and a 
developmental function. Education can “be seen as a major instrument in promoting the psychic 





continuity of life. School is an important institution in the integration of new generations into the 
social order (p. 102). Importantly, this book by Bowles and Gintis is normally cited as one of the 
first references that ackowledged the role of non-cognitive skills on attainment. In particular, 
they suggested that educational attainment, the outcome of the educational process would be 
dependent “not only on ability, but also on motivation, drive to achieve, perseverance and 
sacrifice” (p. 106). For Bowles and Gintis, the “role of schools in promoting cognitive growth by 
no means exhausts their social functions. […] a cognitive approach to the educational system 
which focuses on the production of mental skills cannot provide the basis for understanding the 
link between schools and the economy” (p, 109 and 110). Finally, they suggested that non-
cognitive traits (work-related personality characteristics, models of self-presentation and 
credentials) were involved in the association between educational level and economic success (p. 
140). In a study with one high school in New York, cognitive scores had provided the best single 
prediction of the GPA value. However, a combination of different personality measures 
possessed a very close predictive value (p. 136)
18
.  
Bowles and Gintis (2002)’s work 19  discussed “how economic institutions shape the 
process of human development; and the importance of schooling, cognitive skill, and personality 
as determinants of economic success and their role in the intergenerational perpetuation of 
inequality” (p. 2). They reviewed the parallelism that exists between schools and the workplace 
structure –what they call the correspondence principle- to evaluate whether skills transmitted 
through schooling are accompanied by other products, such as the socialization embedded by the 
schooling process. Their understanding of socialization includes the idea that in school, students 
accept “beliefs, values and forms of behavior on the basis of authority, rather than the students’ 
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own critical judgements of their interests” (p. 12). Their article reinforces Inkeles and Dreeben’s 
functionalist argument in that respect (also supported by Oakes, 1982)
20
, and therefore, would be 
in disagreement with the theory of culture and cultural change. Their research would then 
reinforce the idea that school –and not just personal development or family settings- is likely to 
affect behavioral skills. 
From the economics perspective, it is traditionally argued that most of the first 
contributions to a conceptual framework overlooked the existence of different educational 
outcomes (Heckman, 2000; Todd & Wolpin, 2003). From the first years of development of the 
literature in the economics of education field, contributions in the discipline were elaborated 
around the skills that are embodied in the individual (Becker, 1964) and are represented by the 
overall term of human capital. For decades, human capital has been associated with education 
and training, as “the most important investments in human capital” (Becker, 1964, p. 17). Becker 
(1964) emphasizes that the accumulation of human capital is usually spread over a lengthy 
investment period (p. 117). This accumulation takes place in different settings, such as family 
and friends, school and peers. During that process, individuals experience situations that shape 
their minds, what they know and how they understand life. Becker set up the foundations for 
most of the subsequent theoretical analyses on formal education (investment in education, 
returns to education, etc.
21
), in what was called the economics of human capital. On many 
occasions, while not explicitly formalized through a model, he recognized the importance or 
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relevance of other skills, besides formal skills or schooling, for many life outcomes (he did not 
place them in a formal setting –since this was not the goal of his publication-). For example, 
among the various references to the diverse educational outcomes, he highlighted the influence 
of families on the “knowledge, skills, values and habits” of their children (p. 21). One could 
likely think that a similar reasoning could be applicable to schools. 
In general, the approach followed by many researchers at that time was especially 
focused on more tangible outcomes or variables. As an example, we can cite Schultz (1961), who 
declared that “by investing in themselves [in education], people can enlarge the range of choice 
available to them. It is one way free men can enhance their welfare” (p. 2). While the economic 
concepts of human capital and welfare are mainly concepts linked to directly quantifiable 
magnitudes, it is fair to provide attribution to both Becker and Schultz, in the sense that their 
understanding of these words could very likely incorporate various components (i.e., most likely 
cognitive and non-cognitive skills). 
Compared to other areas of research, the economics of education literature has just 
recently started to acknowledge non-cognitive skills in education. In part, the problem is 
generated because economics emphasis on skills is based upon knowledge and capabilities which 
tend to favor a cognitive dimension and, later, a test score interpretation. Traditionally, 
economists have assumed that cognitive skills can be improved, but personality cannot. However, 
more recently the evaluation of educational interventions and educational reforms (especially 
early childhood programs) has examined changes of behavior induced by educational 
interventions or by different types of teachers (see Jackson, 2013, for a model of teacher’s effects 





Researchers also examine the links that these attributes could have later on life effects for 
individuals. 
 
2.3. Why this topic is important in the economics of education: non-cognitive skills as 
human capital 
One important mission of the economics of education discipline is to study individual’s 
decisions in terms of their investments in human capital. In combination with economics and 
policy analysis, our field also aims at designing interventions that lead to an optimal distribution 
and use of the resources available (and other constraints). We evaluate effects from individual 
decisions and policies, and look at their benefits, in terms of earnings (or production), 
productivities of individuals (Becker, 1964, p. 228) and others. In all these areas, the potential 
role played by non-cognitive skills should be ascertained. This would be especially relevant if 
there were any theory or any empirical evidence suggesting that non-cognitive skills are human 
capital constituents, and that behavioral traits could introduce certain incentives and capabilities 
that would alter human-capital related decisions.  
In terms of the latter, economic agents face constraints that limit their optimal choices in 
terms of the allocation of resources to satisfy needs in an environment where there are scarce 
means to satisfy competing ends (based on Becker, 1978, p. 3 and 5). For Becker, scarcity and 
choice, through behavior (based on maximization, stable and volatile preferences, with full or 
limited information, etc.) characterize all resources allocated by any agent in the economy
22
.  
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The individual’s investment decisions on human capital determine total human capital 
embodied in an individual. Under the standard economic framework, individual economic 
productivity comprises a list of attributes or skills that the individual offers in the labor market 
and that can generate economic returns. Using different words, human capital is defined as those 
skills that can generate an economic return in the labor market (Jennings and DiPrete, 2010, p. 
137). This opens the possibility for non-cognitive skills to be considered as part of human capital. 
Despite the fact that traditionally, human capital has been associated with the amount of 
education attained by an individual, there is a common agreement in every community that 
formal education (plus on the job training and learning by doing) does not represent all the skills 
that are valued in a production environment. Other capacities such as flexibility, creativity and 
ability that transcend intra-organizational boundaries (p. 165, Sheldon and Biddle, 1998) are 
relevant for individual economic productivity. Yet cautiously, several empirical papers and 
survey papers have started to notice the importance of non-cognitive skills for many educational 
outcomes. For example, Levin (2012) acknowledges that personality characteristics “may also 
predict both academic and economic productivity” (p. 68), although they have traditionally been 
given little attention in comparison with the focus on cognitive skills. If social and behavioral 
skills generate economic returns in the labor market (or enhance productivity), a comprehensive 
definition of human capital should consider their production, allocation and returns.  
It is argued that non-cognitive skills belong with the type of attributes that are non-
definable, non-tangible and non-measurable, and that this limited their study (Almlund, 
Duckworth, Heckman, & Kautz, 2011, among others). As a first approach to their 





cognitive skills. In other words, all individual skills that are not cognitive-typified skills should 
be called non-cognitive skills.  
Obviously, such a definition cannot be fully satisfactory either for a social science or for 
the economics of education discipline in particular
23
. Although it may be a convenient short-cut 
for some quantitative and statistical purposes, it does not provide room for their direct study 
within the economics of education. Clearly, considerable room for improvement must be allowed 
if we are to understand the role of non-cognitive skills in the educational process.  
This literature review is conceived as an attempt to compile the contributions by several 
disciplines about non-cognitive skills. These disciplines have used different approaches and 
levels of analysis, but they contribute to the elaboration of a comprehensive framework for the 
study of cognitive and non-cognitive skills. Mainly I limit my focus to elements that are related 
to school’s effects on the production of cognitive and non-cognitive skills, so that a fuller range 
of outcomes can be detected, and their production can be modeled and estimated. Finally, both 
the economics of human capital and the educational production function theoretical frameworks 
ought to be completed (or complemented) so that a more realistic representation of the education 
process and its constituent decisions are understood. The framework of economics can embrace 
other disciplines to integrate a wide range of human behaviors (Becker, 1978). But, greater 
flexibility by economists would enable consideration of the predictive validity, stability or causal 
status of personality traits (Borghans, Duckworth, Heckman, and ter Weel, 2008, p. 975). 
Educational economists could reconcile these contributions to understand learning in order to 
develop a framework in which a wider range of educational outcomes are understood and usable 
for the purpose of assessing educational policy designs and overall research in the field.  
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2.4. Educational outcomes: definition and measurement 
As mentioned before, after several decades of work, researchers share some agreement 
about the large number and diverse nature of the outcomes resulting from the educational process. 
While from a purely economic point of view the results of the educational process have been 
traditionally associated with directly measurable magnitudes, such as earnings or test scores, 
other disciplines have called their attention to a larger variety of outputs that are produced or 
enhanced in school. In this section, school outcomes are assessed using a comprehensive 
approach. This section embraces a wider representation of what can be meant by terms such as 
human capital, human development or educational skills.  
As a first step, educational outcomes are classified into two different levels –individual 
and social outcomes-. Among the individual level outcomes, the distinction is made between 
cognitive and non-cognitive skills, explained in sections 2.4.1 and 2.4.2. Other educational 
outcomes at the individual and aggregate levels are presented in section 2.4.3. The following 
sections provide a definition of the different skills; a brief historical summary of how they were 
conceived (for the non-cognitive skills); and a description of how they are measured. 
 
2.4.1. Cognitive skills 
2.4.1.1. Definition 
Cognitive skills are known as formal knowledge, and are the tangible goal of the 
educational process. Among the numerous definitions available, Gintis (1971) defines cognitive 
skills as the individual capacities to “logically combine, analyze, interpret and apply 





of the individual, channeled in schooling and influenced by teaching, curriculum and institutions 
determining them.  
2.4.1.2. Measurement 
Traditionally, variables that represent cognitive skills are educational attainment and test 
scores. Test scores evaluate curriculum contents and knowledge on certain subjects. They have 
been used as the gold standard to characterize educational performance and quality of schooling. 
“Scientific” testing goes back one century (testing goes back hundreds of years), and this history 
of study is long and deep (Levin, 2012). Additional cognitive variables or educational outcomes 
(as listed in Hanushek, 1986) are comprehension, reading speed, school attainment and 
graduation or dropout rates
24
. The majority of these variables are directly quantifiable. On other 
occasions, a proxy can be used to measure them, despite certain difficulties such as measurement 
errors (see Hanushek, 1986, p.1150) that need to be acknowledged (p.1150).  
 
2.4.2. Non-cognitive skills 
2.4.2.1. Definition 
Beyond the site where the transmission and acquisition of knowledge and formal 
conceptual understanding is facilitated, school is broadly seen as the primary institution for 
socialization of individuals (see previously referred works in section 2.2). The process of 
becoming a socialized agent embeds ingredients that are not represented -or that are not directly 
represented- by cognitive skills or formal conceptual understanding. Although sometimes this 
division is difficult to make
25
, we generally call these skills non-cognitive skills
26
.  
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 As this literature review shows, these outcomes could be a product of both cognitive and non-cognitive inputs. 
See Rumberger (1987) or Heckman and Rubinstein (2001), among others.  
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 In fact, a lot of behavior combines the cognitive and the non-cognitive aspects, so they should not be viewed as 





Three recent generic definitions of this term are the following. According to Cunha, 
Heckman, and Schennach (2010) or Ter Weel (2008), personality, social and emotional traits are 
non-cognitive skills that are embedded in individuals. Levin (2012) refers to non-cognitive skills 
as “those that are generally viewed as attitudes, behaviors and values that contribute to adult 
competencies” (p. 4). Borghans et al. (2008) define personality traits as “patterns of thought, 
feelings and behavior”.  
The task of systematically organizing the constituents of personality is relatively more 
challenging than the definition of cognitive educational outcomes. Definition and measurement 
of personality or non-cognitive traits is a complex endeavor for two main reasons. On the one 
hand, non-cognitive skills are difficult to define and sometimes, hard to separate from cognitive 
skills. On the other hand, even when identifiable, they are difficult to measure.  
The history of the development of a conceptual approach to personality assessment is 
summarized by Digman (1990) and Goldberg (1993), and more recently, by Borghans et al. 
(2008) and Almlund, Duckworth, Heckman, and Kautz (2011). The taxonomies of traits
27
 
provided from the personality psychology offer not just a catalogue of them into categories, but 
an organization of the categories based on the mutual relationships or joint occurrences if the 
phenomena or attributes denoted by the terms occurs in sets (Norman, 1963, p. 575). Traits are 
catalogued using different levels of abstraction. Personality trait research seemed to suggest that 
despite a great many different theories, terminologies, and measurement approaches, there were 
a more limited number of dimensions that could be summarized. Thus attempts were made to 
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 On a literature that we are not going to review, there is an intermediate category of skills known as the quasi—
cognitive skills (see Borghans et al, 2008, p. 980). As they list, these include characteristics as creativity, emotional 
intelligence, cognitive style, intellectual engagement or practical intelligence.  
27





seek correlations among the different traits using the information from analyses of rating scales 
evaluated by expert judgment or using peer nominating methods
28
.  
Systematic personality trait research lasting for several decades led to one of the most 
important formulations of a comprehensive system that includes the major traits of personality. 
The most common classification
29
 of personality characteristics is the so-called “Big Five” 
constructs of personality. While there are several traits’ taxonomies30, there seems to be an 
agreement on the existence of a total of five independent common factors that are able to 
summarize and effectively categorize the myriad of personality characteristics of traits of 
individuals
31
. Numerous researchers came up with consistent evidence for the existence of five 
independent (or orthogonal), easily interpretable and replicable personality factors. Table 2.1 
presents the Big Five Factors and two definitions of each factor representing the major traits of 
an individual’s personality, provided by Levin (2012) and Almlund et al (2011). The last column 
provides a list of the main traits or facets that each factor represents. 
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Inventories typically ask for reports of behaviors. 
29
An alternative lower-dimensional classification of non-cognitive skills divides them into intra-personal skills and 
inter-personal skills. Intra-personal skills refers to how individuals behave within themselves, their thought patterns 
and activities as "solitary" humans when they are self-conflicted or address their interests and passions. Inter-
personal refers to how they act with others in terms of cooperation, competition, kindness, obstructionism, support, 
opposition, etc.. These definitions were obtained from an informal conversation with Pr. Levin. These distinctions 
are also found in the National Research Council (2012). This classification will be relevant for reviewing the 
existing empirical research and for my own future analysis. 
30
 Some of the alternative traits’ taxonomies are Eysenck’s Hierarchical Model of Personality (three superfactors 
1970), the Cattell’s Taxonomy (the 16 Personality Factor System (in the forties) or the Wiggins Circumplex 
Taxonomy of Personality (1979). See Almund et al (2011), p. 74, Figure 4, for some of these and other traits’ 
taxonomies. 
31
 The agreement is less so on the origin of the Big Five terminology. However, it is beyond the scope of this 
literature review to clarify the historical evolution of the development of this important classification, and therefore, 
I just acknowledge the contributions to this field of Thurstone (1934); Cattell (1947) –who constructed sets of 35 
and 22 variables whose reanalysis was consistently generating 5 replicable factors-, Fiske (1949) and Tupes and 
Christal (1961) –whose work built on Cattell’s sets of variables-; Norman (1963 and 1967); and Goldberg (1971, 
1981 and 1993). The list is not exclusive. As suggested by Goldberg (1993), Cattell is the “intellectual father of the 
Big Five factors” (p. 27).  Digman (1990) says that “Goldberg (1981) may have been the first to use the expression 





Table 2.1: The “Big Five” Factors and the facets in them 
1-Table 2.1: The “Big Five” Factors and the facets in them 
Factor a Levin (2012), p. 80b  Almlund et al (2011), p. 17c  Facetse 
I. Extraversion Outgoing and energetic as opposed 
to solitary and reserved. 
Energy, positive emotions, 
urgency, and the tendency to seek 
stimulation in the company of 
others. 
 An orientation of one's interests 
and energies toward the outer 
world of people and things 
rather than the inner world of 
subjective experience; 








II. Agreeableness Friendly and compassionate as 
opposed to cold and unkind. 
A tendency to be compassionate 
and cooperative rather than 
suspicious and antagonistic 
towards others. 
 The tendency to act in a 







III. Conscientiousness Efficient and organized as opposed 
to easy-going and careless. 
A tendency to show self-discipline, 
act dutifully, and aim for 
achievement; planned rather than 
spontaneous behavior. 
 The tendency to be organized, 







IV. Neuroticism Sensitive and nervous as opposed 
to secure and confident. 
A tendency to experience 
unpleasant emotions easily, such as 
anger, anxiety, depression, or 
vulnerability. 
 Chronic level of emotional 







Vulnerability to Stress 
V. Openness to 
experience 
Inventive and curious as opposed 
to consistent and cautious. 
Appreciation for art, emotion, 
adventure, unusual ideas, curiosity, 
and variety of experience 
 The tendency to be open to new 









a: This classification follows the McCrae and Costa (1985 and 1987) –which was operationalized in the NEO Personality Inventory-. This 
classification is sometimes called the OCEAN traits of personality. The “Lexical model” is basically the same but defines factor IV as Emotional 
stability and factor V as Intellect or Imagination (Norman, 1963, Peabody and Goldberg, 1989, Goldberg, 1990 and 1992, John, 1989,, Trapnell 
and Wiggings, 1990, and Digman, 1989). 
b: Based on Levin (2012), p. 80 and Resource Allocation in Education course materials. 
c: From the American Psychological Association Dictionary (2007) 
d: Emotional stability is predictability and consistency in emotional reactions, with absence of rapid mood changes 
e: Costa et al (1992) and http://en.wikipedia.org/wiki/Revised_NEO_Personality_Inventory 
 
 
The most important criticisms of the Big Five model are first, that the lack of a 
theoretical explanation for how these dimensions are derived and meaningful; and secondly, the 





(cited by Digman, 1990, p. 432, from Revelle, 1987, and Almlund et al, 2011, p. 75)
32
. The 
absence of motivation, an important trait for the schooling framework, is also seen as a downside 




On a second stage, the development of a quantitative approach to personality assessment 
has proven to be a challenging task. A standard strategy to providing metrics of personality 
variables and defining factors of personality is the use of factor analysis techniques, that rely on 
the combination of different (survey, inventories) items to create factor scores. Factor analysis 
techniques lead to measurement of underlying or latent factors representing non-cognitive skills 
or distributions of them (p.49, Almlund et al., 2011).  
Using different levels of abstraction and answers to multiple surveys, self-reports and 
observer reports of traits or facets, personality factors are constructed. Measured performance per 
trait (l) of all traits is done using latent variables and factor model
34
 representation (Almlund et 
al., 2011 and Borghans et al., 2008).  
Let n
liM , represent the measured performance for trait l in situation n for person i 
(example, M can be intelligence or extraversion and nliM ,  is the n-th manifestation of any of 
these traits). There are I different individuals, L different factors or traits, and lN  different 
measurements or situations in which the trait l is measured ( Ii ,...,1 ; Ll ,...,1 and lNn ,...,1 ).  
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 Indirectly, this is a criticism of the use of factor analyses as the technique to summarize personality traits. For a 
review on factor analysis techniques, see Malhotra (2007), volumes 2 and 5. 
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 Although conscientiousness is usually linked to motivation, it can be fair to say more generally, that many would 
consider the Big Five to be incomplete rather than comprehensive. 
34





Let be if the vector of L different factors or traits for person i. More explicitly, 
),(),...,,...,,( !21 liiliLiliii fffffff  , where !l means all l’s different from l.  
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assuming independence between ilf and
n
il , and assuming 
n
liM , is affected by 'll  . (
n
l! is a vector 
of dimensions (L-1)x1, and n
liM ,  is a composite of latent traits for l). 
If we let the measured performance for trait l in situation n depend on the reward for 
manifesting the situation in n ( n
liR , ), and of other factors operating in situation n (
n









li WRffhM   
Finally, performance on tasks 
ijT  (where there are J different tasks, Jj ,...,1 ) developed 
by person i can be expressed as a function of the latent factors or traits for person i and, more 
generally, by its n-th measurement as:  
),,,( ! ijijliillij VffgT   
A quantitative assessment of personality traits includes an assessment of the internal 
reliability of the measures, their stability (test-retest stability), convergent and discriminant 
validity and predictive validity and predictive power of measures of personality to explain 
behaviors or outcomes
35
. These measures are typical of psychological variables and provide a 
new framework for economists to evaluate them. Beyond this particular treatment of these traits, 
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 A particular component of the vector 
if  is said to have discriminant validity for trait l if the only non-zero 
component of L,...,1 is l . Similarly, a particular component of the vector if  has convergent validity if measures 





the importance of non-cognitive skills has been empirically measured in the labor market and as 
a factor for schooling, as it will be described in section 2.5.  
 
2.4.3. Other consequences of education: social benefits from education  
In addition to cognitive and non-cognitive skills, there are many outputs that are directly 
or indirectly stimulated by education. This debate connects education with the classification of 
private versus social returns, or whether education is a public good and a private good (Levin, 
1987, Levin, 2009, p. 20, and Cohn & Geske, 1990, chapter 2). Education has been associated 
with increases in democracy, political stability and civic participation (public purpose); 
functioning civic institutions (public purpose), equity (public purpose), individual productivity 
(private with no externalities); better public health (private with public externalities); and 
inventiveness, curiosity and personal insights (private with public externalities)
36
. 
In terms of work participation, education is associated with higher earnings and 
occupational attainment. This literature has been reviewed from Becker (1964), Card (1999), and 
more recently, Cunha et al (2010) and Belfield and Bailey (2011), on different contexts and 
using different approaches. The causality of this relationship has been very well established, and 
empirical evidence strongly suggestes that higher education leads to higher productivity and 
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This section does not evaluate any aggregate level educational outcomes. The macroeconomic effects associated 
with education are abundant, largely supported by empirical studies and reviewed in numerous papers. To cite some, 
Mankiw, Romer and Weil (1992) include a measure of human capital stock in the Solow model, in an attempt to 
extend this well-known growth model in which the rate of economic growth is exogenously determined by the 
savings rate and the rate of depreciation of physical capital, the so-called augmented Solow model, to a situation in 
which human capital can lead to a higher long run level of output. Lucas (1988), Romer (1990) and Barro (1991) 
incorporate new dimensions that lead to endogenous growth associated with education. Hanushek and Wöesmann 
(2008 and 2009) relate school quality and test scores (cognitive skills) to economic growth, using aggregation of 
human capital that includes aggregation of direct international assessments of cognitive skills. Rivera-Batiz (2011) 
explores what the optimal specification for the human capital and educational variables would be, so that an accurate 
representation of stylized facts in growth theory is possible, and offers a discussion of the proper framework to 





greater labor market participation or employment. Some of articles estimating the returns to 
education will be reviewed in section 2.5.2.2. 
Education’s social returns or aggregate benefits have also been assessed in the theoretical 
and applied literatures. Social returns to education are said to be larger than private returns 
because of the external economies (or externalities) produced by college graduates (Becker, 1964, 
p. 209). They are harder to measure and to value, as suggested in McMahon (2010). According 
to the work by Lochner (2011)
37
, education outcomes impact (lower) crime, (improve) health 
and (increase) voting and democratic participation. Lochner’s extensive work, which presents the 
theoretical frameworks defining the relationship between education and the above mentioned 
non-production outcomes, examines the channels through which education can affect them and 
reviews the pertinent empirical literature. Some of his findings will be mentioned in section 6b.  
In terms of human development, education impacts inequality (Bailey, 2007) social 
change (Bowles and Gintis, 2002), social mobility and stratification (Blanden, Gregg and 
MacMillan, 2007), and social capital (Algan, Cahuc & Shleifer, 2011; Becker, 1964, part 3, p. 
255-294; and Iyengar, 2011, chapter 2).  
 
2.5. Overview of the empirical research 
This section contains the analysis of the existing empirical research that estimates 
different associations between cognitive skills, non-cognitive skills and other educational inputs 
and outcomes. To date, regarding the relationships with cognitive skills, researchers have 
attempted to measure what drives students’ performance, and what the consequences of having a 
greater achievement level are, in terms of higher earnings and other social outcomes (subsection 
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2.5.2 and 2.5.3). Regarding the literature assessing the role of non-cognitive skills, a similar 
organization can be found. Researchers have attempted to assess what role non-cognitive skills 
play in the educational process and how they may affect later-life outcomes (subsection 2.5.3 to 
2.5.5). The two last subsections focus on studies where both types of skills are considered. First, 
relative importance of the cognitive and the non-cognitive skills in determining other outcomes 
are surveyed (subsection 2.5.6). The last subsection is devoted to surveying the literature that 
analyzes the association between cognitive and non-cognitive skills, in an attempt to understand 
the recursive structures that may define the production of education (subsection 2.5.7). This 
section presents an analysis of the most relevant papers published in each of these areas. 
 
2.5.1. Cognitive skills as an outcome in the education process 
In search of the key for understanding how educational outcomes are produced, 
educational analysts have developed a large number of theories about school inputs; 
methodologies for the treatment of the statistical information regarding test scores; and 
assessment of policies and strategies to implement that would lead to sounder educational results.  
The origins of the empirical literature that addresses the relationship between school 
outcomes and educational inputs are found in the well-known Coleman Report (1966). This 
pioneering study attempted to determine how school and non-school factors influenced 
educational achievement –as represented by test scores- and whether there was evidence of racial 
disparities in schools. Its approach to the definition of inputs considered students’ socioeconomic 
status (SES –hereafter- would include race, parental education, possessions in home); teacher 
characteristics (teachers’ SES, race, gender, degree, experience, attitudes, test scores); school 





characteristics (test scores or other students mean SES). The school outcomes were student’s 
verbal and math scores. Coleman tested the contribution of each input to the R-square (using 
stepwise multivariate regressions) and concluded that there were large differences in 
achievement among races, and that student’s SES was the most important predictor of 
performance. Indeed, school and teacher characteristics had little impact on achievement, after 
controlling for the student’s SES38.  
Decades later, substantial concerns about its findings and critiques of the empirical 
strategy followed by the report are known. Importantly enough, the report’s conclusions were not 
widely accepted because the analytical method did not account for lack of statistical 
independence between the inputs (i.e., collinearity among the inputs was not taken into account) 
and because of significant problems with accurate measurement of variables and lack of response 
(Bowles and Levin, 1968). Despite these criticisms, the Coleman report was a highly influential 
report that increased the interest on developing this area of knowledge and led to more abundant 
works in the production of education field.  
One of the more prolific authors in the educational production function field is Hanushek. 
His numerous papers have tried to shed some light on the debate regarding the impact of school 
expenditure on achievement, and he is considered to be one of the most important developers of 
the education production function approach. Hanushek (1986) presented a detailed discussion of 
the empirical evidence using the production function approach
39
, including an overview of the 
measurement of both inputs and educational outputs, and about the empirical formulation of the 
relationship. In his 1979, 1986, 1989 and 1997 papers, Hanushek reviewed the results of 
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 For a recent overview of the results, see Murnane and Willett (2010) and Borman and Dowling (2010) The latter 
study was brought to my attention by Pr. Douglas Ready, during the defense of this dissertation.  
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numerous publications that tested the effect of education inputs, which he classified into 
characteristics of schools, teachers, curricula, etc. –directly controllable by policymakers-, innate 
endowments or learning capacities of the students, family and friends environment, etc. –which 
are less controllable and observable or measurable – and district or community factors40, on 
students’ performance. He used the vote counting method in his assessment of the impact of 
seven input variables (expenditures per pupil, teacher/pupil ratio, teacher education, teacher 
experience, teacher salary, administrative inputs and facilities) on test scores, coming from large 
number of estimated education production functions (147 in the 1986 paper, 187 in 1989, and 
377 in 1997). For each input, Hanushek tabulated the regression coefficients from the regression 
equations according to their sign and statistical significance. His strategy was then to compare 
the number of positive regression coefficients with the negative ones for each input and the 
number of statistically significant or non-significant coefficients both for positive and negative 
estimated coefficients. Only for inputs for which the number of positive statistically significant 
coefficients was larger than the number of positive not statistically significant or negative 
coefficients did he conclude that the variable was positively associated with student achievement. 
For each input, only 7% to 30% (for teacher experience) of the estimated coefficients 
were statistically significant; therefore, he concluded that “no strong or systematic relationship 
could be found between school expenditures and student achievement” in US primary and 
secondary schools in the 1960s. His format assumes repeated replication of the same formulation 
and measurement, in order to validate his strategy. In fact, the studies that he analyzed were all 
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 More recently, some authors are starting to consider the impact of a more comprehensive definition of school 
characteristics on achievement, leading to the development of literature on accountability and optimal schools 
management. In Hanushek and Raymond (2005) accountability is considered as part of the policies of the countries 
or states and its measurement is considered as an additional input in the determination of the level of student 
outcomes. However, besides as an input, accountability and school management can be also thought as an 
organizational feature of the educational process, which could affect the specification of the production of education 





very different depending upon grade level, subject, location, type of school or school district, 
race of student, specification of variables, and measurement of variables
41
.  It is also worth 
mentioning that Hanushek raised his concern about whether this approach was appropriate to 
take into consideration the effects of quantities as opposed to quality both of educational outputs 
and inputs –despite severe data limitations-.  
The line of findings regarding the innocuous impact of inputs (or spending) on academic 
outputs has been largely explored since then. Hanushek (1996) showed the sensitivity of the 
results to the level of aggregation of the school input variables. In particular, this paper showed 
formally how the interaction of aggregation, omitted variable bias and measurement error could 
bias the net estimated effect of school inputs in the estimation of education production functions. 
Card and Krueger (1996) focused on long term school outputs such as educational attainment 
and labor market earnings. Betts (1995) suggested that the impact of different school quality 
(high school) on labor market earnings was negligible. His article used data from 1979-1990 
from the National Longitudinal Survey of Youth, and the sample was restricted to white males. 
School quality is represented by the ratio of full-time equivalent teachers to pupils, the salary of 
beginning certified teachers with Bachelor’s degree and the percentage of teachers with a 
Master’s degree or higher at the individual level; these specific inputs are more detailed than the 
measure of aggregate per pupil spending that some other articles (see Hanushek, 1986, and 
references listed in this study, among others) use to account for school quality (sometimes even 
at the county or State levels, which might create aggregation bias and measurement error). 
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 For example, teacher experience could be a categorical variable, proportion with less or more than five years, 
number of years of experience, proportion with more than ten years, etc... The same is true of teacher experience: 
degree level or % with master’s degrees, or unit of graduate units. Thus, the specifications and measures were 





Hedges, Laine and Greenwald (1994) reanalyzed the evidence compiled by Hanushek 
(1989). In their analysis, they used meta-analysis as their statistical method to evaluate the 
publications’ findings, instead of Hanushek’s vote counting method –which they argue was a 
problematic statistical method-. They used combined significance tests and combined estimation 
methods to control for several concerns that could threaten the validity of Hanushek’s 
conclusions. Some of these concerns were associated with potential biases that could arise from 
statistical dependence between regression coefficients, the presence of outliers, publication bias, 
the inability of the method to assess the magnitude of the estimated effects when these effects are 
relatively small, and the statistical Type II error problem (i.e., absence of statistical evidence to 
reject the null hypothesis does not indicate whether the alternative hypothesis is true)
42
.  
In their paper, Hedges et al (1994) used two null hypotheses: no effect of an input on 
students’ performance (testing the evidence of effect in the two tails of the distribution of the 
estimated parameters). Also, they used standardized coefficients to measure the size of the 
estimated impact of expenditures and other inputs on performance. Their findings suggested that 
there was a positive association between per pupil expenditure and achievement, and also a 
positive association between teacher salary and achievement. No additional positive statistical 
relationship was identified for other educational inputs. This fact was interpreted by the authors 
as confirming the hypothesis that some resources are identified statistically as affecting 
achievement and that spending does seem to make a difference in achievement.  
While this review summarizes one significantly important debate in the literature, 
research has evolved and researchers are utilizing more sophisticated analytic methods, and 
better quality data to study the relationship between student achievement and expenditures. Of 
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Hanushek (1994) responded to Hedges et al (1994) publication and dismissed their statistical approach, especially 
when re-assessing his work and also when used for policy interpretations. For other considerations regarding meta-





specific relevance for this dissertation are publications that focus on school and teachers quality, 
and on what characteristics makes for a good teacher (Goldharger, 2002, p.2). In this publication 
Goldhaber (2002) breaks down the total contribution of teachers to students achievement (8.5 
percent of total variation in student achievement due to teacher characteristics) into the 
contribution of “readily observable characteristics”, mainly teacher experience and degree 
attained, and other qualities or behavior that are more difficult to quantify or isolate. From the 
total variation, 3 percent was explained with the former, while 97 percent was associated with 
the latter characteristics. Among these characteristics, subject-matter knowledge (and or 
pedagogical knowledge), SAT or ACT scores, selectivity of colleges teachers attended, have 
been shown to be better indicators of teacher quality or effectiveness than the traditional 
credentials. Other papers have highlighted the importance of teacher practices and professional 
development (Wenglinsky, 2002). Rockoff, Jacob, Kane and Staiger (2011) note that teacher 
quality may be better captured by observable information of the teachers including their feelings 
of self-efficacy, extraversion and other personality traits linked to the Big Five inventory, content 
knowledge and cognitive ability, as well as teacher presecreener surveys (the “Haberman 
PreScreene”r and the “Gallup TeacherInsightAssessment”). Some other papers, such as Rivkin, 
Hanushek, and Kain (2005) or Rockoff (2004) rely on more sophisticated statistical models to 
measure quality, such as value added, teachers fixed effects, or some semiparametric techniques 
(the former), when the information about the teachers is not sufficient to explain the association 
between this information and performance.
43
  Loeb and McEwan (2010) summarize the 
evaluations of the recent implemented policies (in terms of direct investments –such as reducing 
class size-; changes in curriculum and instructional programs; resources aiming at supporting 
                                                          
43
 Some of these techniques could be potentially useful in extending the current analyses, and complementary to the 





teachers; and school choice and accountability) provide evidence of mixed detected impacts. The 
authors argue that it is still not possible to differentiate the detection of effective investments 
from ineffective, and suggest complementary cost-effectiveness analyses to fully evaluate the 
impact of the different educational inputs. 
 
2.5.2. Cognitive skills as an input in the earnings equation and other adulthood outcomes 
2.5.2.1. Earnings 
Difficulties in determining the causal effect of education on earnings arise mainly from 
the following two main problems or potential sources of bias. One is that there are unobservable 
variables that might determine both educational attainment and earnings, such as ability, 
motivation, etc. From this perspective, educational attainment would be endogenous to most of 
the educational outcomes. The second source of bias is that there is measurement error in the 
way educational attainment is reported. Educational attainment is generally the number of years 
of schooling or completion level.  It does not provide information on quality of institution, what 
was studied, or student effort.  It is more a variable measuring the time a student spent in school.  
It also has errors of retrospection and deliberate exaggeration.
 44
 Several methodologies –i.e., 
introduction of additional covariates or proxies of omitted variables, use of parents, siblings or 
twins’ information45 and use of institutional aspects of the educational system- have been used to 
overcome the problems and to estimate the causal return to schooling. 
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 In addition to this, in studies involving international comparison, educational attainment is a weak measure of 
education because of differences among countries in the structure of their schools and starting ages.   
45
 The first strategy was to include a richer set of controls in the log-earnings- and schooling specification equation. 
Attempts to measure ability and family effects are presented in Griliches (1972), who uses a proxy for ability -IQ 
coefficients or AFQT scores-. Regarding socioeconomic status and family effects, parental education (father, mother 
and siblings), parental occupation and number of siblings were used as additional controls. These studies have been 
debated along two main lines: first, to what extent the variables capture ability or family effects, or other 





One fundamental reference in this regard is Angrist and Krueger (1991)’s paper on the 
returns to education. Angrist and Krueger (1991) approached the estimation of the return to 
education in presence of omitted variables and attempted to eliminate the bias by using a natural 
experiment and an instrumental variables approach (IV) as their identification strategy. They 
made use of the fact that compulsory schooling laws in the United States, combined with school 
entry requirements, might be impacting students differently depending on the season of the year 
when they were born. Concretely, these laws would be exogenously imposing on those born in 
the last quarters of the year to attend school longer than other students. As long as the proposed 
instrument (quarter of birth) is uncorrelated with other observed or unobserved factors that might 
impact education, exogenous variation in educational attainment induced by these laws could be 
used to causally determine the impact of education on earnings. The estimated monetary return 
to an additional year of schooling for those who are compelled to attend school by compulsory 
schooling laws is about 7.5% (this finding disregarded the heterogeneity problem, in the sense 
that early school leavers may be of lower ability with less return to schooling than the average). 
Differences in the results obtained under OLS and under 2SLS are not statistically significant. 
                                                                                                                                                                                           
of the literature dealing with proxies of ability. Even in measurement of these covariates was excellent, there is still 
the serious challenge of non-observables. 
The second utilized strategy was to use twins’ datasets to estimate the return to education. Ideally, identical twins 
reproduce an experimental design, in the sense that twins have the same genetic information and have been exposed, 
a priori, to the same parental and neighborhood influences. Presumably, identical twins have the same natural ability 
and their analysis would be the most similar scenario to having a random-assignment procedure. However, their 
educational attainments are not randomly assigned, so differences may be due to differences in attitudes of twins or 
interests or differential opportunities of where they are. Rouse (1999) used differences in sibling’s reported 
education level as an instrumental variable for differences in own reported educational level (following Ashenfelter 
and Krueger’s, 1994 strategy). Her results suggest that twin based estimates are 7.5% compared to 10.5% for OLS. 
Even after correcting for measurement error (downward bias) Rouse found that return to schooling was 9.5% (lower 
than OLS). This strategy has also been criticized because the assumptions under which the method really rules out 
genetic ability is built on are arguable. According to Griliches (1979) and Neumark (1999), between twins 
estimation does not seem to eliminate inconsistency of the conventional OLS estimator. Moreover, it can even 
aggravate it. The first difference estimation is very likely to rule out much of the exogenous variation in schooling, 
regardless of whether it differences out part of the endogenous variation. Moreover, it is dubious that twins can be 
used to simulate experimental individuals. Although twins share genetic information, they might be subject to 
different life experiences that might change their preferences for education and might also have an impact on 





This would suggest that even in there is an upward ability bias in the OLS estimation, it might be 
offset by measurement errors in the measurement of educational attainment (random 
measurement error biases towards zero). 
Besides estimating the causal return to education and assessing the magnitude of the bias 
in the OLS estimate due to omitted variables, Angrist and Krueger (1991) launched a new 
framework for empirical research relying on exogenous variation identifiable in the educational 
institutional frameworks. Their paper was a pioneer publication in the field, and incorporated 
many valuable elements, despite having been largely argued against and debated. Their approach 
shifted the understanding and promoted the IV methodology to deal with endogeneity in 
education caused by unobservable omitted variables.  
Currently, the estimation of the returns to education is being performed using the 
statistical advantages offered by experimental and quasi-experimental settings (besides IV). One 
experimental evaluation is presented by Jensen (2010). This paper finds significant increases in 
the perceived returns that may affect schooling decisions using a randomized experiment in 
which students were subject to receiving information regarding rates of return (this also affected 
demand of schooling). Three references exploiting quasi-experimental settings are Brunello, Fort, 
and Weber (2009), who use a regression discontinuity estimation to evaluate a policy change in 
compulsory schooling laws; Webbink (2007), who used a differences-in-differences approach to 
estimate the rates of return to university education; and Oreopolous (2007), who explored a 
natural experiment based on increases in compulsory education requirements by law in the US, 






As acknowledged by Angrist and Krueger (1991), in order to calculate the returns to 
education it is necessary to measure not just its impact on earnings but also to evaluate the causal 
impact that the compulsory educational laws may have on social outcomes beyond individual 
benefits. One of the most important individual and social gains that education could promote is 
gains in health status. The literature has attempted to identify a relationship between education 
and health and several explanations that may explain the link between them have been provided. 
Lleras-Muney (2005) and Cutler and Lleras-Muney (2010) explain three potential channels 
through which education and health could be connected: more educated people make better 
decisions (less riskier) regarding their health because they have better information; poorer health 
may impari education attainment, and also, there could be a third variable that was affecting both 
education and health (such as genetic composition)
46
. Also, Becker and Mulligan (1997) have 
shown that time preference is affected by education. Those with more education are more patient 
and may make better long-run decisions. Lifestyle differences are also associated with education 
in terms of nutrition and substance abuse.  In general, educational interventions are more cost 
effective for improving health than health interventions, and have, as hypothesized, many 
different impacts for the individual and the society. 
Although this association has been largely documented, the causality among them has not 
been well established. Lleras-Muney (2005) used the 1960, 1970 and 1980 Censuses to calculate 
group mortality rates, in an attempt to determine whether education has a casual effect on 
mortality. Her paper emulated Angrist and Krueger’s natural experiment framework, and 
hypothesizes that “if compulsory schooling laws forced people to get more schooling than they 
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 See Muennig (2007), p. 128, Figure 6-1, for a graphical representation of potential pathways through which 





would have chosen otherwise, and if education improves health, then individuals who spent their 
youth in states that required them to go to school for more years should be relatively healthier 
and live longer” (p.191). Her findings were that on average, an additional year of education 
would lower the probability of dying in the next decade between 3 and 6 percentage points. 
Since OLS and IV estimates were not statistically different, she concluded that there was no 
evidence that education was endogenous in the mortality equation (p. 215). 
2.5.2.3. Crime 
Lochner (2011) states the channels through which education affects crime. The first 
explanation is that education alters the relative rewards of work and crime, and changes the 
opportunity cost of committing a crime
47
. Education also induces individuals to become more 
patient (as suggested by Becker and Mulligan, 1997) and changes risk preferences. By increasing 
the expected future punishment, education discourages crime commission. Lochner and Moretti 
(2004) causally estimate the impact of education on commission of different crimes, using the 
US population census and the crime reports from the Federal Bureau of Investigation (FBI). 
Education is measured both in average years of school and high school completion rate (by 
cohort). The model controls for fixed effects, endogeneity of education and other covariates. On 
average, the impact of an additional year of high school on crime, for youth that are affected by 
schooling law changes in different states is estimated to be between 6% (for larceny and burglary) 
and 30% (for assault). 
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2.5.3. Non-cognitive skills as an output in the educational process: The production of non-
cognitive skills in the different levels of education 
This section aims at revising the empirical contributions that –directly or indirectly- 
acknowledge the role of schools in creating, shaping and fostering non-cognitive skills.  
There are few articles exclusively dealing with this issue from the school perspective. 
This literature is vastly concentrated on studies of educational policies and settings affecting 
early childhood education.  
One of the most significant contributions regarding how non-cognitive skills are 
generated is the publication by Cunha et al (2010). This paper estimates multistage production 
functions for non-cognitive skills. The paper defines a technology that captures different 
developmental phases in the life cycle of a child (p. 884), exploits non-linearities and interactions 
among inputs under a dynamic factor model, with two stages in a child’s life cycle (two stages of 
development). Cognitive and non-cognitive outcomes are the results of parental investments 
throughout the child’s life, in addition to genetic factors and parental skills. Measurement of non-
cognitive factors follows the latent factor framework developed in section 2.4.2.2. The baseline 
model is sequentially increased to incorporate a measurement error component into the equation, 
and controls for endogeneity of inputs and non-normality of the factors. The parametric estimates 
for the technology of skill formation (based on maximum likelihood) use information from the 
Children of the National Longitudinal Survey 1979, for children 0-14 assessed every two years 
starting in 1986. The baseline results suggest that parental cognitive skills are equally important 
in both childhood developmental stages; parental non-cognitive skills are more important in 
stage 1 than in stage 2; self-productivity for both cognitive and non-cognitive skills increase in 





fostering cognitive skills in period 1 (see table 1, p. 908 for more detailed results, and posterior 




While this paper constitutes an important step forward in the theoretical framing of how 
non-cognitive skills are produced, and in the empirical sense because of the flexibility of the 
suggested functional forms, it has a significant limitation under the approach of the educational 
production function literature, in terms of how the real student’s learning period is represented. 
This limitation is linked to the fact that school impacts are not modeled in the paper. Since 
schools do contribute to children’s personal and educational development, some room for 
extensions in the model is acknowledged. A natural extension to the proposed framework would 




Cunha and Heckman (2008) propose a model to represent the evolution of skills as a 
function of family environments. This dynamic model estimates the technology of skill 
formation, “which is a vital ingredient for designing skill formation policies and evaluation their 
performance” (p. 743). The results suggest that parental inputs are more influential to determine 
cognitive skills at early ages and non-cognitive skills at later ages. The paper formalizes the 
notion that cognitive skills can promote the formation of non-cognitive skills (p.739). It 
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 Basically, the results of the most complete specification suggest that there is “much less evidence of malleability 
and substitutability for cognitive skills in later stages of a child’s life cycle, while malleability for non-cognitive 
skills is about the same at both stages” (p. 928). 
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 The paper includes many controls for aspects that would induce the estimates to be inconsistent, and the 
assumptions made in those respects. The authors base their non-parametric estimates on these assumptions. I do not 
elaborate more on them because of the lack of attention into school effects, which would require these assumptions 









In line with these findings, notable differences in skill formation throughout the life cycle 
are found. The following subsections analyze the production of non-cognitive skills in the 
different levels of education, in order to disentangle age effects on the production of these skills.  
2.5.3.1. Pre-school 
There is significant agreement on the relevance of early childhood interventions (of high 
quality) on child development. In terms of the stimulation of non-cognitive skills, early 
preschool interventions have been proven to enhance the child’s behavioral skills. As stated 
Cunha et al (2010) there is “evidence from the early intervention literature […] which suggests 
that enriched early environments of the Abecedarian, Perry and Chicago Child-Parent Center 
programs promoted greater efficiency in learning in schools and reduced problem behaviors” (p. 
886). In contrast to interventions at other school levels, early childhood interventions have been 
extensively evaluated. This subsection analyzes some of these evaluations, with particular 
emphasis onthe impacts on behavioral outcomes. In the latest references, two papers that use 
meta-analysis to calculate mean average effects from numerous interventions are reviewed. 
The Perry Preschool intervention randomly assigned African American children, from 
relatively poor families, and low IQ scores, to enriched pre-school at the Perry Elementary 
School in Ypsilanti, Michigan, between 1962 and 1964. Students eligible for the intervention 
received a 2.5 hour preschool program for one or two school years, supplemented by teacher 
visits to students’ homes and parents’ meetings. Teachers were trained in special education and 
early childhood. The curriculum was designed to enhance cognitive and socio-emotional 
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development of children. Follow up of students was conducted until they turned 19, and later to 
ages 27 and 40, both for students in the treatment and control groups. Nores, Belfield, Barnett, 
and Schweinhart (2005) analyzed the economic impacts of the Perry Preschool program and 
found significant impacts on educational attainment, health status or risky behaviors and criminal 
participation. For the authors, higher attainment reflects “both cognitive advantages and 
enhanced non-cognitive attributes such as self-discipline or diligence” (p. 247). These skills 
could very likely reduce teenage pregnancy and crime participation. In terms of the cost-benefit 
analysis for the intervention, the authors found strong positive impacts from participation in the 
intervention and for the general public. They estimated an $2.5-$8.7
51
 return to every $1 invested 




Heckman, Moon, Pinto, Savelyev, and Yavitz (2010a and 2010b) re-evaluated the Perry 
Preschool program and assess some of the limitations of the implementation of the program and 
ultimate extrapability of the results. On average, they estimate an overall social rate of return to 
the intervention in the range of 7% to 10%
53
. 
Jennings and DiPrete (2010) show that children who have higher levels of behavioral 
skills learn more in school than children whose attitudinal skills are lower. Qualities of teachers 
enhancing academic performance seem to be independent from qualities of teachers that promote 
personality skills –although they claim that more data is necessary in order to definitively answer 
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 These values and resulting range are calculated using different assumptions on the benefits of the intervention 
(earning profiles, costs of crime and the burden of welfare support offered to participants) and different discount 
rates. 
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 Belfield, Nores, Barnett, and Schweinhart (2006) confirm the same findings and conclude that they repay $12.90 
for every $1 invested. 
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 For details on the Abecedarian, Perry and Chicago Child-Parent Center, see Cunha, Heckman, Lochner, and 





this question-. The argument they use to justify the importance of these effects is that 
dispositions internalized early in life have enduring consequences (p. 139). They use ECLS-K 
through third grade and estimate that the influence of social skills on academic outcomes was 
statistically significant: the instrumental variable results suggest that an increase of one standard 
deviation in social and behavioral skills is associated with a 0.04-0.14 standard deviation 
increase in academic skills (depending on the grade) and a 0.079 and 0.082 standard deviation 
increase in math scores at the end of kindergarten and the end of first grade. The effect was not 
statistically significant at the end of third grade. The coefficient of the teacher effect on the 
development of social and behavioral skills was 0.205, using random effects (at the class and 
school level). According to this paper, total teacher effects on achievement are generated directly 
and also indirectly, through their impact on social skills that ultimately produce higher 
achievement. In particular, they estimate that the effect of moving a student from the 25
th
 
percentil to the 75
th
 percentile of the teacher distribution for social skills teaching is 0.028 
standard deviations for math and 0.025 standard deviations for reading. The direct effects of 
having a highly effective academic teacher are 0.058 and 0.153 standard deviations for math and 
reading respectively. Overall, although the impact of receiving good social teaching (non-
cognitive) is less important than receiving good academic teaching (instruction or cognitive 
teaching, 25% as good), for the authors this finding “enhances the theoretical importance of 
social and behavioral enhancement during early elementary education” and these skills needs to 
be “integrated into research and policy agendas” (p. 155)54. 
Duncan, Dowsett, Claessens, Magnuson et al. (2007) suggest that early academic skills 
and socioemotional behaviors are linked to subsequent academic achievement because they 
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provide the foundation for a positive classroom adaptation (as stated by Cuhna et al., 2006). The 
findings of this study are that attention skills are significantly important predictors of later 
academic outcomes (represented by test scores in mathematics and reading); that other social 
skills were not correlated with achievement; and that the predictive effect of school entrance 
formal knowledge (represented by early knowledge of concepts) was much larger than the 
personal skills’ impact. On average, early knowledge of mathematical concepts has an effect size 
of 0.34, early vocabulary had an effect size of 0.17, and attention skills’s effect size was 0.1055, 
across the six different longitudinal studies analyzed in the analysis. Importantly, this paper 
suggests that attention and socioemotional skills may matter more for outcomes such as special 
education classification or dropping out of school than for the test scores and teacher-reported 
achievement outcomes (p. 1441-1442). Unfortunatly, they do not provide any intuition or 
hypothesis of why this could be the case. 
Two references survey interventions using meta-analysis methods. Nores and Barnett 
(2010) estimate the impacts of 30 interventions (in 23 countries, not including the US) on 
behavioral change –such as play, cooperation, self-regulation, hyperactivity, conformity, 
sociability, anxiety, depression, attention deficit disorder, delinquency, socialized aggression, 
schizotypal personality disorder and other personality scales and inventories-, cognitive gains, 
amount of schooling and health gains. These interventions are early childhood interventions, and 
students participating in them were between prenatal and 7 years old. The mean average effect 
size for behavior outcomes is 0.27 (standard deviation of 0.24). This effect size is comparable to 
the effect of the interventions on cognitive or school outcomes (0.27, with an associated standard 
deviation of 0.31). The estimated size effects varied depending on the type of intervention, with 
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entering schools, we can assume that they learn faster in the home and that the parents teach the students attention 





the intervention incorporating nutrition and care components associated with the largest effect 
size on behavioral outcomes (mean effect size of 0.46). The authors observed that the impacts of 
the interventions remained over time. 
Durlak, Weissberg, Dymnicki, Taylor, and Schellinger (2011) provide a meta-analysis of 
over two hundred school-based, universal social and emotional interventions affecting children 
from kindergarten to high school (ages 5-18). These interventions stimulate personal and 
environmental resources that make students “feel valued, experience greater intrinsic motivation 
to achieve and develop a broadly applicable set of social-emotional competencies that mediate 
better academic performance, health-promoting behavior and citizenship” (p. 407). In this paper, 
the authors explored the impact of these interventions on a variety of outcomes (such as social 
and emotional skills, positive social behavior, emotional distress, conduct problems, attitudes 
towards self and others and academic performance). Academic performance was measured from 
standardized reading or math achievement test scores and school grades and students’ GPA. In 
general, participants in the interventions benefited from the interventions and their social and 
behavioral skills improved (see table 2 on page 414). On average, students exhibited higher 
achievement –approximately constant across grades- and the associated gain in performance was 
estimated to be equivalent to 11 percentile points.  
Overall, the existing evidence on the impact of schools on non-cognitive skills seems to 
suggest a positive influence of school interventions on non-cognitive skills. As stated by Levin 
(2012), “non-cognitive skills can be taught through purposive interventions and they can make a 





2.5.3.2. Compulsory education 
Empirical evidence proving the influence of school on the development of cognitive 
skills during compulsory education is scarce
56
.  
One of the areas where the effects of educational policies on non-cognitive skills have 
been analyzed is in the grade retention policies, mostly produced during compulsory education 
years. Grade retention decisions are likely to affect several individual educational outcomes, 
including the length of the educational spell, grades and dropout rates. Moreover, these decisions 
are closely connected to public policy, since research has also attempted to quantify what the 
public costs of retention are (Eide and Showalter, 2001). 
The literature on grade retention identifies negative associations (or causation effects of 
retention on educational and life outcomes. As summarized by Thompson and Cunningham 
(2000), retention is detrimental for the students’ motivation and confidence, and their social 
promotion. While promoted students gain an opportunity to advance through the next year’s 
curriculum, retained students go over the same ground and thus fall further behind their 
advancing peers. In contrast, some evidence suggests that there are several benefits of retention, 
because grade retention policies induce higher effort for students and give lagging students an 
opportunity to get serious and get ready for the next grade (Thompson and Cunningham, 2000). 
This topic has been traditionally analyzed using non-experimental empirical evidence 
(observational analysis). However, very recently several quasi-experimental works documented 
these phenomena, although the outcome of interest was mostly students’ academic performance57. 
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 Some of the previous works were actually dealing with students in primary education (from grades K up to 3). 
This section analyzes the literature looking at students in grades up to 12. 
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 Two examples are the following. Jacob and Lefgren (2004) evaluated the impact of attending summer school and 
being retained on performance, as designated by the accountability policy in the Chicago Public Schools. Using a 
RD design, they found that retention increased achievement for third grade students 0.17 logits in reading and 0.23 





2.5.3.3. Tertiary education 
Similarly, there are very few works on the way tertiary education can shape personality 
traits. Two references regarding this are Belfield and Bailey (2011) and Hughes and Scott-
Clayton (2011). 
Belfield and Bailey (2011) review the empirical literature that estimates the benefits from 
attending community colleges. While this article basically focuses on the returns to community 
college attendance in terms of higher earnings (which are larger for females than for males), the 
article overviews other benefits. In particular, the paper suggests that attending community 
college leads to health improvements, higher welfare or less taxation burden. Importantly enough 
for this literature review, community college attendance also leads to –potentially- higher levels 
of subjective well-being (p. 57 and footnote 16).  
Hughes and Scott-Clayton (2011) cite the work by Sedlacek (2004) (p.23). This book 
“cites numerous studies in support of eight non-cognitive variables that may be useful for 
assessing diverse populations in higher education: positive self-concept, realistic self-appraisal, 
successfully handling the system (racism), preference for long-term goals, availability of a strong 
support person, leadership experience, community involvement, and knowledge acquired in a 
field. While a full review of these studies is beyond the scope of this paper, they have found 
correlations between these non-cognitive variables and college grades, retention, and graduation, 
among other outcomes, particularly for underrepresented minorities”. 
                                                                                                                                                                                           
grade students. Manacorda (2010) exploited the discontinuity induced by a rule in Uruguay, according to which 
automatic grade failure is established for junior high school students who fail more than three subjects in the same 
academic year. Correcting potential correlation between failure and other unobserved variables and reverse causality 
between failure and school outcomes, the paper shows that grade failure leads to substantial drop-out and lower 





2.5.3.4. How non-cognitive skills are produced 
The previous sub-sections support the role of non-cognitive skills as outcomes of the 
educational process, yet they do not fully address the question of which strategies, characteristics, 
or practices enhance the development of non-cognitive skills while in school.
58
 In particular, 
some hypothesis that could be tested in order to better understand what mechanisms lead to 
various levels of socio-emotional skills are the importance of genetics, IQ, nurturing, practices 
during early childhood schooling, health, optimal teaching practices, or specific teacher 
characteristics, among others. In this section, some of these potential mechanisms that may 
“create” non-cognitive skills are explored. Unfortunately, most of them will remain untested and 
looking for further empirical research. 
Durlak, Weissberg, Dymnicki, Taylor, and Schellinger (2011) reviewed 213 programs 
that aimed at increasing the socio and emotional learning of students. Unfortunately, their meta-
analysis did not test (and did not intent to test) which specific components of the programs led to 
the enhancement of behavioral skills, which would be useful in order to understand the 
mechanisms driving the production of these skills and guiding the current research. In fact, they 
noted in the paper that more research that examines the relative contribution of different 
components of the interventions to the outcomes at different developmental periods would be 
necessary, both to improve our empirical and theoretical understanding of these relationships. 
However, some examples of this type of research are suggested in their study and in their 
citations, and some hypothesis can be tested in this regards. Gottfredson (1988) described an 
organizational development method and intervention implemented by researchers and school 
staff to reduce school disorder (in two junior high schools, in Baltimore). The program consisted 
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of modifying plannification, rewards, administration, and school and classroom environment, 
which increased the students’ sense of belingingin school and prosocial peer support. Similarly, 
Cook, Murphy and Hunt (2000) also found that improved after implementing the “Comer” 
program, which “seeks to improve the interpersonal relationships and social climate” (p. 536). 
This intervention (at inner-city Chicago schools with relatively disadvantaged students) develops 
an improvement plan for each school overviewed by a team composed of administration, 
teachers, school staff, parents, sometimes students, school professionals (such as counselors, etc). 
Assistance to students is provided through cooperation and problem-solving initiatives. Besides 
having a positive impact on standardized test scores, and on beliefs, feelings, and behaviors 
important to disruptive behavior (p. 589). Boxer, Guerra, Huesmann and Morales (2005) 
examine the importance of peer level effects on aggression, for students in elementary school. 
The findings suggest that the individual behavior or level of aggression tends to revert towards 
peers’ average level of aggression.  
 
2.5.4. Non-cognitive skills as an input in the educational process 
A positive association between non-cognitive skills and educational attainment has been 
largely suspected. Binet (1916) noted that performance in school “admits other things than 
intelligence; to succeed in his studies, one must have qualities which depend on attention, will 
and character” (p. 254)59. From that moment on, some researchers have tried to explain why 
character could impact students’ performance in school, as well as to measure non-cognitive 
skills’ impact on education60.  
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One potential explanation for the positive connection between personality skills and 
educational performance is provided by Deci, Vallerand, Pelletier, and Ryan (1985) and used by 
Sheldon and Biddle (1998). Deci et al (1985) developed the so-called theory of self-
determination, according to which intrinsically motivated behaviors as those that are engaged in 
because individuals enjoy doing them, and the regulatory process for them is choice (as opposed 
to externally motivated actions that are initiated to earn a reward or to avoid a punishment). 
Motivation is generated internally and it is fully endorsed.  
When applied to education (see Deci et al. (1991)
61
), intrinsically motivated students are 
more likely to exhibit higher conceptual understanding and have a high quality learning 
experience. This is because they have greater interest in learning and taste for education, and 
they are more confident in their capacities and attributes. School and teachers could be factors 
channeling students’ interests and stimulating those. Deci et al (1991) review some literature that 
supports the link that parents and teachers who are more involved with their children have 
children who are more motivated and self-determined, particularly when the involvement is 
accompanied by autonomy support.  
Goldberg, Sweeney, Merenda, and Hughes (1998) proposed a simple methodology to 
estimate the association between personality traits as defined by the Big Five traits and some 
demographic characteristics. The paper uses a sample of individuals selected to be representative 
of US working adults in 2000
62
. Individual characteristics were age, gender and race or ethnicity. 
The Big Five traits were derived from a list containing 324 items, and from the self-reported 
perception of personality attributes. The partial correlation between years of education and the 
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big five factors were the following: intellect (factor V, measuring openness), agreeableness, 
conscientiousness and emotional stability showed a positive correlation (correlation coefficients 
were 0.34, 0.12, 0.11 and 0.06 respectively). The correlation between the fifth factor, 
extraversion, and years of education was negative (-0.03). This study did not control for 
cognitive ability. 
Van Eijck and de Graaf (2004) examined to what extent individual variation in years of 
schooling attained could be explained by personality characteristics of the student. In particular, 
they looked at the importance of the Big Five factors in predicting the highest level of 
educational attainment of the individuals. They used the Dutch Family Survey-1998, a nationally 
representative survey of population of adult population in the Netherlands, which includes 30 
items that can be factor-analyzed into the 5 traits (six items for each personality trait). 
Individuals were asked to score the degree they considered each item to provide an accurate 
description of themselves (p. 33), on a seven-point scale. The estimates controlled for the 
individual’s socio-economic status (through parents’ education and father’s occupational status) 
plus gender and age. The five personality traits seemed to predict educational attainment (for 
men and women aged 25-70) and the estimated effects were the following: on average, an 
increase of one standard deviation in conscientiousness would increase educational attainment by 
0.05 standard deviations; in emotional stability by 0.09; and in openness to experience by 0.14. 
The estimated impact of extroversion and friendliness was of -0.07 standard deviations. Except 
for emotional stability, all the estimated effects were larger for men than for women. This study 
did not control for the potential cognitive ability. As Almlund et al (2011) suggested, the fact that 





his educational career, may bias potential predictive validity of personality traits for educational 
attainment (p.130). 
Entwisle, Alexander, and Olson (2005) estimate the impact of information about a 
student while in first grade on educational attainment at age 22.
63
 Educational attainment is 
measured as completed years of schooling and as highest attempted level of schooling. The 
information that is used in the estimation of the models is seen as “initial resources” and the 
authors attempt to relate first-grade transition and schooling outcomes at age 22 (p. 1470). Initial 
resource variables include family SES and support –as represented by math and reading mark 
expectations, educational expectations and a psychological support index that captures common 
information from the previous three variables-, race, gender and neighborhood poverty level, 
cognitive ability –as measured by grades at first grade- and temperament or disposition as the 
non-cognitive variable –reported by the teachers-. This variable is measured in the following way 
(see p. 1467): “Grade 1 teachers rated students on five items, from 1 to 6, with high scores 
reflecting positive assessments: very enthusiastic, interested in a lot of different things; likes to 
express ideas; usually in a happy mood, very cheerful; is creative or imaginative; keeps to 
himself or herself, spends a lot of time alone; very timid, afraid of new things or new situations”. 
Total scale score for temperament or disposition is the sum of ratings on the items (i.e., varies 
from 5 to 30). Their dataset was the Beginning School Study (BSS) a longitudinal dataset of 
public school children in Baltimore who were in first grade in 1982. These students were 
followed up until age 22. These individuals completed the Young Adult Survey of the BSS panel 
in 1998 (632 out of the 790 initial students). The partial correlation coefficient between 
temperament/disposition and years of education was 0.26. The OLS estimate of the effects of 
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information variables on educational attainment suggests that temperament/disposition is 
positively associated with educational attainment at age 22. The estimated coefficient is 0.17 
when the model does not control for test scores, and 0.13 when composite marks by the end of 
first grade and CUNY Assessment Tests (CAT) score are included. These two covariates 
(composite marks by the end of 1
st
 grade and CAT scores) do not show any statistically 
significant association with educational attainment (at the usual 5% significance level). A second 
specification uses the ordinal scale composed by the highest attempted level of schooling. Using 
a multinomial ordered logit model, the findings reinforce the idea that temperament/disposition 
plays a positive role on explaining enrollment in a four-year college as compared to a two year 
college (the odds are 1.77). The temperament/disposition non-cognitive variable also predicts 
high school dropout compared with high school graduation (the odds are 0.64). Although the 
results are not shown in their study, the authors mention that they estimated a multilevel model 
in which students were nested at the neighborhood level. While this estimation may be 
appropriate, the study lacks a discussion of the potential problems associated with attrition and 
the no-utilization of the longitudinal structure of the dataset for the estimation purposes. A study 
like this could highlight the process through which all the educational attainment determinants 
evolve over time.  
Noftle and Robins (2007) studied the correlation between the Big Five measurements of 
personality and college GPA and SAT scores (math and verbal). They also utilized the 
explanatory power of the personality dimensions as factors associated with College GPA. The 
paper used four samples of undergraduate college students in the University of California, Davis 
(2003/2005 and fall and spring of 2006) and University of California, Berkeley. Students from 





items, NEO-PI-R-96 items, and NEO-FFI -60 items).
64
 Some of the results varied across 
inventories, but overall, some trends and outstanding correlations and associations were 
highlighted by the authors. Openness was the only Big Five dimension that was found to be 
associated with verbal SAT score (0.20 to 0.26), while the remaining dimensions’ correlation 
with SAT score were close to zero. In a successive breakdown of the dimensions, perfectionism 
and organization (two of the components of Conscientiousness) showed a significant association 
with verbal SAT scores (0.12 and -0.14 respectively). Similarly, Conscientiousness was 
positively associated with both High School GPA (0.22 to 0.25) and College GPA (0.18 to 0.22). 
Openness and college GPA were positively associated (correlation coefficient of 0.13 in two of 
the samples).  
Using regression analysis, Conscientiousness was found to be positively associated with 
College GPA. Controlling for SAT scores, gender and personality dimensions, the coefficient 
associated with this personality factor was 0.24. Including the personality variables improved the 
predictive power of the model explaining college GPA. The study also tested for potential 
mediators. In particular, the authors’ hypotheses are that Conscientiousness would be associated 
with higher GPA because it is associated with increased effort and higher levels of perceived 
academic ability (p. 125). In the case of Openness, its association with SAT scores would be 
mediated by higher levels of self-reported verbal intelligence.  
Chamorro-Premuzic and Furnham (2003) tested the predictive validity of personality 
traits on academic performance. They used two (small size) longitudinal studies of two British 
university samples, obtained between 1996-99 and 1998-2001. Academic performance was 
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assessed during three years, and represented by exam grades at the end of each academic year 
and a supervised final project. This study incorporated numerous indicators of non-cognitive 
skills, such as behavioral aspects (absenteeism, essay writing, seminar behavior and predictions 
of the tutor on the exam grades), plus the Big Five personality traits
65
. The relationship between 
the Big Five traits and behavioral variables with final examination grades and final project 
performance is assessed. These correlations varied between 0.39 for the correlation coefficient 
between exams-total and conscientiousness, to 0.22 for agreeableness, 0.07 for extraversion, 0 
for openness and -0.35 for neuroticism (N=70 undergraduate students between 1996-1999). The 
authors also reported the correlations between the behavioral variables and the personality traits, 
finding the correlations significant at the 5% level for absenteeism and conscientiousness (-0.24) 
and openness (0.25). The multivariate hierarchical regressions lead to the following results: on 
average, a one standard deviation increase in conscientiousness would increase total exams grade 
by 0.22 standard deviations. In contrast, an increase of one standard deviation in neuroticism 
would decrease performance by 0.36 standard deviations. Both estimates are statistically 
significant (see table 3, p. 330 for more results). Overall, the estimated specifications accounted 
for a significant portion of total variance in examination grades (0.48). The authors concluded 
that there was “robust psychometric evidence for the predictive and incremental validity of 
personality inventories” (p. 333), which would support the idea of incorporating these 
personality variables in academic selection procedures. Some limitations of this research include 
the fact that the sample sizes were very small and there was a lack of control for cognitive ability 
(or previous year examination grades). Methodologically, the hierarchical model is not well 
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documented, and the information contained in the panel data is not used properly (the estimates 
are based on cross-sectional analysis).  
Lleras (2008) examined the impact of non-cognitive skills on educational attainment for a 
10th grade cohort, 10 years later. This paper uses the National Educational Longitudinal Study 
(NELS) for 1988. This is a nationally representative longitudinal study of students in grade 8, 
who were followed up every two years. This analysis relies on data from the 1990 and 2000 
follow-up studies. The data provide abundant information about the student’s behavioral skills, 
besides information about educational attainment, earnings, cognitive skills, school habits and 
socioeconomic status variables. The information regarding non-cognitive skills arises from 
teacher’s reports on the following student’s information on work habits or conscientiousness 
(frequency in completing homework, working hard for good grades, arriving tardily to class), 
motivation social and cooperativeness (student is passive, relates well with other students, 
participates in sports, academics or fine arts activities) and disruptive behavior
66
. The estimation 
method presented in this paper is an ordered logit regression, using a stepwise procedure. The 
results suggested that having more positive non-cognitive skills evaluations increased the odds of 
the student completing the next higher level of education. On the one hand, average, higher 
reports on homework completion, hardworkingness, promptness, motivation, school and 
academic participation favored higher educational attainment. On the other hand, relationship 
with peers, politeness and participation in fine arts activities did not seem to be associated with 
attainment. The stepwise strategy allowed Lleras to conclude that there is a direct effect of non-
cognitive skills on educational attainment, besides the indirect effect they have through cognitive 
skills. The statistical procedure seemed appropriate (especially in the sense of the statistical notes 
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that suggested a careful control of traditional estimation sources of concern, such as collinearity 
and missing data). Still, the methodology did not account for potential endogeneity of inputs 
(measurement of inputs in time t-10 does not guarantee that there can be other factors that were 
associated with those inputs at t-10 and with educational attainment at t). Again, the presumable 
non-stability of personality traits, and consideration of other factors that may have changed 
individual’s personality and attainment, are not assessed. Finally, despite the relevance of the 
comment made by the author about the fact that both types of skills are important to explain 
socio-economic, gender, and racial gaps in attainment and earnings (i.e., closely connected to the 
idea of stratification that will be developed later in section e), the identification strategy and 
dataset do not allow her to test for it. Although this was not tested, it is definitely a very relevant 
policy analysis question.  
Finally, the following summaries approach studies where an association between 
personality factors and cognitive ability (ability, intelligence –fluid or crystallized)67. In these 
cases, intelligence would mediate for the effect of non-cognitive skills on education. 
Chamorro-Premuzic and Furnham (2006) stated that although conceptually, 
psychological traits and intelligence are two different things (“the psychological processes or 
latent variables causing aggregated differences in personality and intelligence are qualitatively 
distinct”, p. 252), some of the Big Five traits were correlated with intelligence, as represented by 
ability test scores. In particular, general intelligence (psychometric g) is positively associated 
with openness to experience and extraversion (0.33 and 0.08) and negatively associated with 
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incorporates an interesting overview of some of the papers that find positive effects between personality traits –
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. This study emphasizes that the same traits that seem to be associated with 
intelligence tests and academic performance tests are also associated with self-assessed abilities 
(or self-assessed intelligence). 
Hansen, Heckman, and Mullen (2004) measure the impact of latent ability (representing 
cognitive ability) on test scores. They base their estimates on the control function approach
69
, 
and use the NLSY for the empirical approach. The specification they tested assumes that test 
scores are determined by latent ability that is mediated by schooling. Their findings actually 
determine that ability increases between 2 and 4 percentage points with every year of schooling. 
They provide detailed estimates for different school groups and several sensitivity checks and 
estimation methods (parametric and semi-parametric estimations). They base their framework on 
the assumption that age effects (or maturation effects) do not affect test scores except through 
schooling and on the hypothesis that people start school at the same age. The authors 
acknowledge the strictness of these assumptions (p. 45) but do not provide any sensitivity 
analysis related to it. 
Heckman, Stixrud, and Urzua (2006) find evidence that schooling determines non-
cognitive skills, using data from the NLSY79. They also find a direct effect of non-cognitive 
skills on productivity and an indirect effect explained though schooling and work experience. 
The model they propose acknowledges the existence of two underlying factors that represent 
cognitive and non-cognitive ability, that, when conditioning on observables, account for the 
dependence across choices and outcomes that generate endogeneity problems. 
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2.5.5. Non-Cognitive skills as an input in other adulthood outcomes 
A review of the literature that assesses the association between non-cognitive skills and 
labor market outcomes is presented below. There is not a common variable among studies for 
ascertaining the influence of non-cognitive skills. Researchers have looked at the impact of self-
esteem, motivation, persistence or earnings expectations, among other possible influences, on 
earnings. Overall, most of the studies ascertain a positive relationship between these variables, 
and a statistically significant positive causal effect when causality is properly assessed.  
Heckman and Rubinstein (2001)’s paper constitutes one of the first attempts to 
empirically measure the causal effect of non-cognitive skills on earnings and educational 
attainment
70
. Through the comparison of earnings of General Educational Development (GED) 
holders and high school graduates –who don’t attend college- they conclude that non-cognitive 
skills associated withholding a GED play a role
71
. Indeed, holding a GED is interpreted as being 
a mixed signal for employers. On the one hand, the person is capable of completing high school 
according to the GED receipt. However, on the other hand, he lacks the positive behavioral 
attributes to complete secondary education, which is perceived as a detrimental skill in the labor 
market. 
Another perspective is the one suggested by Gintis (1971) and tested by Bowles, Gintis, 
and Osborne (2001). Gintis speculated that the effect of omitting the non-skills variable in the 
model would introduce a bias in the estimate of the returns to education. In other words, part of 
the estimated returns to education would in fact be due to the effect of non-cognitive skills on 
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earnings (a positive correlation between cognitive and non-cognitive skills is implied). Bowles 
and Gintis (2000) estimated that the ratio of the estimates of the return to education in a model 
that controls for non-cognitive skills and the return to education in a model where that variable is 
omitted is 0.82 (within a range of 0.48-1.13 for selected empirical papers using US datasets, 
between 1950-1990). On average, 18 percent of the returns to education appear to be capturing 
non-educational effects.  
Two papers determine the importance of self-esteem for wages. Murnane, Willett, Braatz, 
and Duhaldeborde (2001) estimate the impact of adolescent measures of self-esteem on wages 
received ten years later. Using the NLSY dataset, they found that hourly wages of male 
individuals at age 27/28 who had reported higher levels of self-esteem when adolescents were 
3.7 percent higher, on average. The paper argued that there is a positive correlation between self-
esteem and academic skills and a measure of mental tasks rapidness, but even when these 
variables were included in the model, the significance of the self-esteem parameter remained. An 
alternative specification also includes a composite variable measuring self-esteem in the early 
twenties, in an attempt to capture changes in the variable induced by life experiences and 
prospects. Results were comparable to the above (coefficient for the more recent self-esteem 
variable: 0.034, standard error: 0.015). Regarding the channels through which self-esteem would 
affect earnings, the authors provide two main arguments: one, that individuals with high levels of 
self-esteem can be “particularly good at working productively in groups” and two, that they may 
have “particularly great perseverance when confronted with difficult challenges”. 
Drago (2011) confirms the previous findings. Using the same dataset (a different 
subsample) and specification, he concludes that the causal effect of an increase in one standard 





variables bias using an instrumental variables approach
72
. His study analyzes the complementary 
hypothesis that might explain why self-esteem affects earnings and concludes that educational 
attainment is important but does not exclusively account for the mediating effect and that 
individuals with higher levels of self-esteem seem to auto select into industries and occupations 
that are more rewarding
73
. Still, the proportion of the effect that is unexplained after controlling 
for these mediating effects is significant, and the author confirms the positive effect that self-
esteem has on earnings. 
Dunifon and Duncan (1998) use the Panel Study of Income Dynamics (PSID) to examine 
the relationship between measures of motivation and expectations of men in their twenties and 
their labor market attainment two decades later
74
. The results suggest that a one standard 
deviation increase in personal control increases earnings by 13 percent, while the same increase 
in challenge versus affiliation increases earnings by 7 percent (after controlling for years of 
education, intelligence, demographic, including health condition, and family characteristics). 
According to the authors, motivation can enhance wages because more motivated individuals are 
more productive or they might take actions that are positively correlated (or may influence) 
productivity. In any event, there can be a time lapse between when the individual undertakes 
those actions and raises in his wage rate. Thus, in order to explain what factors can be driving the 
relationship, they explore whether changes in labor supply and investments in job training can 
ultimately explain wage increases. The relationships between the motivational variables and the 
labor market variables were positive and statistically significant for challenge versus affiliation 
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and how long a person trains. This finding suggests that besides motivation inducing positive 
changes in the decision of investing in training, there are still strong direct impacts of the 
motivational variables on earnings. This paper did not control for potential reverse causation.  
Another significant contribution of this literature is the reassessment of the labor market 
discrimination premium against certain population groups. Studies that control for non-cognitive 
results for Blacks or women suggest that part of the gender gap –traditionally attributable to 
labor market discrimination- is in fact explained by differences in various non-cognitive skills. 
Urzua (2008) studies whether differences in labor market outcomes between whites and blacks 
can be attributable to cognitive and non-cognitive ability differentials –observable and 
unobservable-. The cognitive ability variable is the standardized average of six achievement tests 
(arithmetic reasoning, word knowledge, paragraph composition, math knowledge, numerical 
operations and coding speed). The non-cognitive ability variable is based on individual’s locus of 
control and self-esteem (the paper uses the Rosenberg self-esteem and Rotter locus of control 
scales). When cognitive ability is introduced in the model, the estimated discrimination gap for 
wages and earnings (in log) decreases from -0.294 and -0.567 to -0.125 and -0.326 respectively 
(also controlling for schooling dummies). In his model, Urzua assumes that both earnings and 
schooling are endogenous, and that the individual chooses the level of schooling looking at the 
net expected value for earnings associated with a particular schooling level, which determines 
total hours of work, hourly wages and costs. This expected value is also a function of the 
information set the agent contemplates when the schooling decision is made. The information set 
is a function of some unobserved abilities (endowments), some schooling costs, and the values of 
the variables determining the labor market outcomes at t=0 (p. 930). The paper identifies racial 





abilities on schooling decisions and hours worked are different across races. The effects of non-
cognitive ability are stronger for blacks than for whites. The effects of unobserved cognitive 
ability is the most relevant factor in explaining racial gaps in educational attainment and labor 
market outcomes, but this factor is almost negligible for unobserved non-cognitive outcomes. 
The author highlights that all the findings are conditional on his assumptions. 
Finally, some empirical research is emerging for estimating potential associations 
between non-cognitive skills and other individual outcomes. For instance, Cunha et al (2006) 
detect some impact on non-marital pregnancy (p. 719). Blanden et al (2007) estimate the impact 
of non-cognitive skills on intergenerational income persistence. They say that “[n]on-cognitive 
and cognitive measures are responsible for just 6% and 7% respectively of the intergenerational 
persistence given education and labor market attachment”, once the direct effect of cognitive and 
non-cognitive measures on educational attainment has been accounted for. An interesting 
quotation is the one in which the authors suggest differential impacts across children from 
different socio-economic statuses (those born to poorer parents have restricted life chances and 
do not achieve their economic potential). In their opinion, “policies focusing on non-cognitive 
skills such as self-esteem and application may be effective in achieving goals” aiming at 
increasing social mobility. The same idea of social stratification persistence is also behind the 
analysis by Entwisle, Alexander, and Olson (2005). This paper highlights that parents’ plans for 
their children’s academic trajectory affect the way children interact with school personnel (p. 







2.5.6. A comparison of the relative importance of cognitive and non-cognitive skills 
Two very recent papers attempt to provide a measure of the relative importance of 
cognitive and non-cognitive skills in predicting later educational attainment and other adulthood 
outcomes for students.  
Duckworth, Duncan, Kokko, Lyyra, Metzger, and Simonton (2012) use data from four 
different countries (the US, Finland, Sweden and the UK) that contain measures of achievement 
and behavioral skills of male students at ages 13-16 (followed from early to middle school to at 
least age 28), and measure the relative predictive power of cognitive and non-cognitive skills 
when explaining completed schooling and earnings. Looking at the weighted average estimates, 
the authors conclude that cognitive skills (as represented by an index constructed using 
mathematics and reading test scores –or grade point averages for Finland-) are more predictive of 
later schooling completion and earnings than the non-cognitive skills index (composed using 
variables on absence of attention problems, absence of aggressive behavior, prosocial behavior, 
and absence of withdrawn behavior
75
). In particular, the coefficients associated with the 
standardized cognitive and non-cognitive indices are 0.97 and 0.15 in the completed schooling 
regression, and 0.24 and 0.12 in the (logarithm) earnings regression, respectively
76
. When 
focusing on the components of the indices, mathematics achievement seems to be highly 
predictive of completing school (coefficient: 0.15) and earnings (in logs, coefficient: 0.10). 
Regarding the non-cognitive behaviors, prosocial behavior and absence of withdrawn behavior 
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are statistically significant predictors of school completion (coefficient: 0.05) and earnings 
(coefficients: 0.06 and 0.05 respectively). The regressions for each of the selected countries, for 
which the R-square coefficient is reported, suggest that cognitive and non-cognitive skills 
explain more of the variation in schooling completion than of the variation in earnings
77
. The 
regressions controlled for parental educational attainment among others (number of siblings, age 
when the outcome was measured, race and birth weight). 
Cornwell, Mustard, and van Parys (2012) explore the relationship between teachers’ 
assessment on the students’ academic rating and cognitive and non-cognitive skills. They use 
grades K to 5 from the ECLS-K dataset, and select the approaches to learning scale of cognitive 
achievement as the non-cognitive variable. They question why the gender achievement gaps are 
not reduced when factors like socioeconomic status or school characteristics, which typically 
reduce other achievement gaps like the racial gap, are taken into account. Their hypothesis is that 
non-cognitive skills may actually play a role in reducing the gender gap. Using OLS and IV in a 
specification explaining the association of the teachers’ ratings and current test scores (not 
known by the teachers) and the lag of the approaches to learning scale, they find that introducing 
the current test score reduces the achievement gender gap in the reading regression by one third; 
and controlling for the lagged approaches to learning scale practically eliminates the bias. The IV 
approach, in which the instrument is the lagged value of the approaches to learning –ie, the 
previously used covariate) leads to substantially similar findings for each subject, but “the 
estimated attitude toward learning effect is roughly two to three times greater” than in the OLS 
estimates (p. 22). The results differ across grades. Overall, this paper uncovers some potentially 
interesting mechanisms that affect the perception of the student by the teacher, which indeed 
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may actually affect their achievement as well. The paper does not use the longitudinal 
information in the dataset (it only estimates cross sectional regressions) and omits, because of 
their lower predictive power, an assessment of the relationships between other non-cognitive 
skills available in the study (self-control, internalizing and externalizing behavioral problems), as 
well as the potential impact of some of the items on the teacher’s rating, that may be less 
associated with cognitive achievement and more associated with the dimensions accounted for 
by the conscientiousness big-five factor, that the ART scale somehow aims at representing. 
 
2.5.7. The production of education using simultaneous equation models 
This last subsection incorporates a discussion of the simultaneous equation models of the 
production of education. While the previous studies focused on associations and causal 
relationships explicative of educational processes (inputs or outcomes), these models are an 
attempt to control both the role of skills as an input for other outcomes and as an outcome of the 
educational production process themselves, at the same time. These models aim at “nearly 
mirroring what we know of the educational process” (Levin, 1970, p. 60)78, and acknowledge 
strong (simultaneous) interdependence between explanatory variables and educational outcomes 
(p. 63).  
Levin (1970) modeled students’ achievement assuming that the determinants of 
achievement at a given point in time are a function of past influences of the traditional inputs: 
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family, school, community, peers and innate traits. Endogenous inputs in his structure are 
achievement, student’s sense of efficacy, motivation and parental educational expectations. The 
setting overcomes potential lack of identification problems, and allows evaluation of all the 
specified outcomes. He used a dataset of students in Eastmet City (nearly 600 white students in 
36 schools). The reduced form estimates (after the estimation of the simultaneous equations 
using two-least squares)
79
 found a positive association between teachers’ experience and verbal 
scores, and negative with age. On average, females tended to score higher on verbal tests than 
males. The paper suggested caution when interpreting the estimates of the determinants of 
motivation, sense of efficacy and expectations.  
The work by Boardman, Davis, and Sanday (1977) uses a similar approach to the one just 
described. In their setting, they look at achievement, motivation, expectations and efficacy as the 
main educational outputs. In addition to that, the authors include the following endogenous 
variables: a student’s perceived parental expectations and his perceived teachers’ expectations, 
under the assumption that attitudes about oneself depend on perceived attitudes of significant 
others (parents and teachers) (p. 26). Their model incorporates a comprehensive list of 
exogenous predictors of educational outcomes (42). The dataset is composed of a sample of 12
th
 
grade students, collected for the Coleman report (Equality of Educational Opportunity). The 
discussion of the results contains a detailed analysis of the impact of parental characteristics, 
school and teachers’ impacts, peer effects and expectations on achievement. Their findings 
suggested that the only attitudinal variable that had a direct and simultaneous effect on 
achievement was self-efficacy.  
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These analytical structures seem promising in their potential to account for mutual 
relationships between inputs and multiple educational outcomes. The recursive part of these 
models acknowledges influences from innate endowments and also later school accumulated 
effects. The way these structures model endogeneity is a potentially useful strategy to 
incorporate non-cognitive skills into the educational production process.   
 
2.6. Conclusions 
This literature review has attempted to provide a framework for analyzing the production 
of cognitive and non-cognitive skills. While the main purpose was to connect the production of 
cognitive and non-cognitive skills in the school (i.e., how the individual’s achievement and  
behavioral skills evolve as a function of schooling, teachers, peers and other school-related 
factors), both types of skills have been explored from different perspectives, following what the 
existing literature has done in this respect. Regarding the less traditional outcomes, the non-
cognitive skills, these perspectives include a historical overview of whether behavioral skills 
may be developed in school and a parallel review of the statistical model for the production of 
cognitive outcomes, which could represent their production and their influence on other 
adulthood outcomes.  
Two main limitations challenge the incorporation of non-cognitive skills in traditional 
educational production function models. First, non-cognitive skills are difficult to measure and to 
count (see discussion in Borghans et al., 2008). As suggested in section 2.4.2, behavioral skills 
can be measured through preference parameters, through factor analysis techniques that represent 
latent personality traits, or through changes in the individual’s maximization constraints. Second, 





al, 2008, p.990, Cunha et al, 2008, etc.). In their paper, the authors recommend “standardizing 
for incentives and environment” when measuring personality traits (also for cognitive traits). Or, 
as suggested by Levin (1970) there could be recursive or simultaneous effects in the 
determination of both types of outcomes. Third, and somehow connected, the literature on non-
cognitive skills would need to investigate the potential spillovers between behavioral effects and 
academic effects. Fourth, as the case with the production of cognitive outputs, the technology 
may be nonlinear (Cunha et al., 2008). Indeed, the technology may need to account for changes 
in personality traits and preference parameters (Almlund et al., 2011). Fifth, any estimated 
effects could be heterogeneous among students. Finally, behavioral skills also are sensitive when 
introduced in models, because they arise new concerns of generalizability of findings. 
This literature review has attempted to summarize these questions and the empirical 
literature documenting evidence of some of the effects of non-cognitive skills in the presence of 
most of the recognized limitations. The map of the educational outcomes and the relationships of 
interest –including the proven complexities that a statistical model would need to address all the 
arguments that may be affected by non-cognitive skills; and the potential limitations that a 
quantitative work would need to overcome (econometrically and with regards to the 
interpretation)- of the issues presented here is comprehensive enough to provide this study with 
substantive information related to the research questions explored in this dissertation. All these 
























This dissertation develops three analytical exercises analyzing the production of 
education as a result of the schooling process. The proposed exercises were conceived as 
conceptual and statistical extensions of the traditional educational production framework,
80
 and 
aim at providing comprehensive evidence on what is actually produced while individuals are in 
school, and which determinants –primarily, school inputs– are most important in producing these 
outcomes. 
My approach differs from most attempts to estimate educational production functions 
because I consider multiple outcomes and the relation among them in production. This difference 
is based upon three main premises. First, I assume that schooling may promote the development 
of several educational outcomes, such as formal cognitive skills and non-cognitive skills. 
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 See Section 3.1 below for a description of this theoretical framework and Section 2.5 for a review of some 




Regarding this, the empirical analyses constitute an attempt to model the production of multiple 
educational outcomes, diverse in nature. This is seen as a natural extension of the traditional 
setting of the production of education, and also an attempt to provide a theoretical contribution. 
Second, the research benefits from the availability of empirical information about 
multiple educational outcomes, in addition to school and teachers’ characteristics, which allows 
me to expand the analysis of the educational production process. The chosen database, the Early 
Childhood Longitudinal Study, Kindergarten Class of 1998-99, includes a set of questions 
regarding the personality development of the children, in addition to the traditional standardized 
cognitive achievement outcomes in math, reading and sciences. The non-cognitive variables are 
constructed as indicators that use comprehensive information derived from each student’s self-
reported opinions on his/her internalizing and externalizing behavior problems, self-control, self-
concept and locus of control; and parent and teacher’s reports on the student’s behavior.81 The 
chosen database provides us with the opportunity to examine the determinants of these non-
traditional outcomes in detail, as well as the interdependence or cross-effects between skills, and 
the dynamic aspects of cognitive and non-cognitive development.  
Third, this dissertation uses the availability of relatively unexplored statistical methods to 
model and estimate the production of education–the associations between inputs and educational 
outcomes. In particular, the educational estimations in this dissertation are implemented with 
longitudinal multilevel individual fixed effects estimation strategies and simultaneous equations 
models.
82
 The longitudinal structure of the study allows us to study the dynamic aspects of 
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 The behavioral or non-cognitive variables available in ECLS-K and selected for the empirical analyses are defined 
in Section 4.3. 
82
 The first efforts trying to highlight the potential benefits of using longitudinal analyses to improve estimates of the 
determinants of educational performance were made in the seventies (see Boardman and Murnane, 1979). Similarly, 




cognitive and non-cognitive development, and to estimate the causal effect of changes in school 
inputs on students’ outcomes. Besides this, the fact that repeated observations from students 
nested within classrooms and schools may not be independent from each other can be also 
controlled for, given the availability of multilevel information that arises from the school level 
variables. Finally, I explore whether the determination of each of the outcomes could be 
simultaneously determined by some of the other outcomes. ECLS-K allows me to examine the 
interdependence or cross-effects between the two types of skills considered in this study 
(cognitive and non-cognitive). These methodologies are able to account for data-structure 
specificities and statistical issues associated with the educational process itself. For this reason, 
these methodologies may lead to more statistically accurate and precise estimates of the 
determinants of school performance, overcoming some of the biases associated with omitted 
variables, specification and estimation biases.
83
 
To our knowledge, these questions have not been jointly examined in the economics of 
education literature. Their analysis may be fruitful in describing the educational context and the 
ingredients’ associations, and in better determining what the outcomes of the educational process 
are and how they are produced. Overall, this study aims at providing the research field in the 
production of education with complementary frameworks that more accurately represent the 
educational process, such as the existence of multiple educational outcomes, the interdependence 
among them and over time, and how educational inputs affect their production. This dissertation 
builds on extensive foundations resulting from previous theoretical and empirical research, and 
                                                                                                                                                                                           
equations models for the production of education. However, cross sectional estimates are prevalent in the empirical 
research on production of education compared to any other estimation method. 
83
 The extent to which these estimates may still be affected by measurement error may be viewed as a limitation of 
this study. This study assumes that all variables are accurately measured, especially, as suggested by Hausman 
(1983), because “a consideration of such errors in variables in simultaneous equation models would lead us too far 




explores whether the proposed conceptual and statistical extensions, which rely on the existence 
of comprehensive databases and accurate estimation methods in educational research, are a 
useful way to increase our understanding of this topic.  
 
3.2. Empirical Exercises 
This dissertation is composed of three empirical questions that model the conceptual and 
statistical structure of the educational production function: 
1. Estimation of cognitive achievement: an overview of the traditional educational 
production function 
2. Estimation of non-cognitive achievement: educational production function for 
non-cognitive skills 
3. A simultaneous equation model of the determinants of educational outcomes: 
cognitive achievement and behavioral skills 
Question 1 involves the estimation of the production of educational achievement in 
cognitive skills, reading and mathematics; Question 2 involves the estimation of the production 
of non-cognitive skills in school, and particular behavioral skills such as internalizing and 
externalizing behavioral problems, and self-control (reported by the teacher), both using 
longitudinal multilevel models. Question 3 proposes an analysis aimed at developing a model 
that represents how education–understood as a combination of multiple outcomes or learning 
dimensions–is being produced, applying the framework provided by simultaneous equation 
models to the production of education.  
These three statistical representations of the educational process aim to identify what 




aims to provide a more realistic formulation of how different educational ingredients can be 
interrelated over time, acknowledging that educational components can be both inputs and 
outputs of the process, at different points in time.
84
  
The analyses of the three empirical questions and the comparison across them provide 
substantive information regarding the educational process and the importance of school level 
factors in promoting a comprehensive set of educational outcomes.  
 
3.3. Theoretical and Statistical Frameworks 
Sections 3.1 to 3.3 explain the empirical questions in detail, with particular emphasis on 
the proposed statistical models, methodologies and estimation strategies that will be used for 
empirically testing the different models’ specifications.85 
 
3.3.1. Estimation of Cognitive Achievement: an Overview of the Traditional Educational 
Production Function 
The traditional economic framework that has been used to study the production of 
cognition in the educational process is substantially built on the specification of the production 
function for cognitive achievement developed by Todd and Wolpin (2003).
86
 Todd and Wolpin 
(2003) define the education production function as the branch of the literature that examines the 
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 Sometimes these are viewed as mediating or intermediate outcomes that influence final outcomes.   
85
 The way this discussion is presented attempts to contribute to the theoretical literature related to the production of 
education. Lazear (2001) notes that “although there is a vast empirical literature on educational production function 
and its determinants, there is a relatively small theoretical literature”. In part, this study explores whether it is useful 
to adopt theoretical knowledge and statistical methods from other fields to keep constructing extensions of our 
theories and to extend the theoretical literature. 
86
 Notice that although there are other conceptual frameworks for modeling the production of education (see 
Urquiola and Veerhoogen, 2009, for a model of school choice), the framework offered by Todd and Wolpin (2003) 
perfectly aligns with the necessities of the explored research questions in this study, offering some room for 




productivity relationship between schooling inputs and test score outcomes for children (p. F3). 
In their paper, cognitive achievement of child i, in household h and at age a (
ihaA ) is expressed as: 
 ihaihihihaiha aSaFfA  ,),(),( 0  (1) 
where F represents family supplied inputs and S represent school supplied inputs.  measures 
the child’s endowed mental capacity, relevant to acquiring all types of knowledge, and  allows 
for measurement error in test scores. Impact of inputs is allowed to vary as a function of the age 
of the child. 
The educational production function’s empirical literature has evolved in its effort of 
trying to identify the right specification for the function
af , the level of aggregation or level of 
analysis, the measurement of the variables, and the correct empirical estimation of the 
parameters that accounts for the endogeneity of inputs (or correlation between predictors and 
error term, arising from several sources), as well as some other data-associated limitations 
related to measurement, validity and reliability. The presence of any of these statistical threats 
leads to severe problems in applied research in education, mostly manifested as biased estimates 




I propose a set of models in which achievement in two formal cognitive skills variables –
the score in reading and mathematics–and a cognitive-skills index88 for student i attending school 
h is produced as a combination of individual, family, teacher and school characteristics
89
. The set 
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 A definition of these sometimes interchanged terms follows. An unbiased estimator is the estimator whose 
expectation, or sampling mean, is the same as the population value it estimates. A consistent estimator is the 
estimator that converges in probability to the population parameter as the sample size grows (see Wooldridge, 2009, 
Glossary). 
88
 See components of the index and construction in Section 4.3.1. 
89
 Specification number (1) omits the effect of initial capabilities or endowments on performance, for simplicity. In 
particular, I omit the term c




of models are a pooled estimation of the determinants of achievement in the index, reading and 
math; a longitudinal model of the production of achievement; and a multilevel longitudinal 
model explaining the determinants of achievement in the selected cognitive outcomes. More 
details about these three specifications are provided below, including the statistical equations that 
are estimated and tested under each model. 
Model 1: Pooled estimation (and cross-sectional equation) 
Equation (2) represents the production of cognitive achievement for student i, as a 
function of individual, family, teacher and school characteristics (student is attending school h, 
but this level does not enter the equation in any special way, only through subindex i). 
  
     ∑         ∑        
 
    ∑        
 
      
  
     (2) 
where c
iA represents achievement in the formal cognitive skills variables (defined by the 
cognitive skills index, and the score in reading and mathematics) obtained by student i; F 
represents individual and family characteristics (K different variables); S represents school 
supplied inputs (S different variables); and T represents teachers’ characteristics for student i (P 
different variables). c
i  
allows for measurement error in test scores. The functional form (
af in 




                                                                                                                                                                                           
relevant to acquiring each type of knowledge or skill. I will discuss its empirical treatment afterwards. Chapter IV 
presents a detailed description of the variables grouped under the individual, family, teacher and school 
characteristics labels. 
90
 The additivity or linearity assumption is commonly used in the educational production function literature. An 
exception to this tradition is Figlio (1999), who estimates the production of education using a functional form that 
does not maintain the additivity (and homotheticity) assumption(s), a translog function (p. 242). Levin (1980) 
discusses the challenge of the lack of a good theoretical framework that links educational outcomes to specific 
processes and input. Other industries’ production functions are based upon reasonably good engineering/physics 
approximations and premised on scientific understanding of how outcomes are produced. Such a scientific 
understanding is not found applicable to the production of education. Although functional form extensions are not 
considered in the current study, they will be taken into consideration when suggesting extensions of the current 




Equation (2) is estimated by ordinary least squares (OLS). The estimates of the vectors of 
parameters , , sk   and p represent benchmark estimates of the determinants of reading and 
mathematics achievement. Regarding the interpretation of the estimated coefficients, single 
cross-sectional (or pooled) estimates are necessarily seen as associations between inputs and 
outputs. OLS estimates are insufficient proofs of mechanisms under which inputs exert their 
impacts (i.e., of causal impacts of school inputs) on achievement and are subject to substantial 
sources of potential biases that cannot be ruled out (mostly, associated with selection and 
simultaneity, as discussed below
91
), which may limit the usage of any empirical findings as 
guidance for decision making.  For these estimates to be unbiased, one would need to assume 
that i) intercepts and slopes simultaneously are homogenous among different individuals, schools 
and over time and student ages; ii) (  
 )   0)( ciE  ; iii)  (  
    
 )     
  if i=j and 0 
otherwise; and iv)  (     
 )     i.e., there are not any left-out variables in the model–associated 
with achievement and correlated with any of the individual predictors–that may bias the 
estimates. In other words, the impact of variables such as innate–observed or unobserved–ability, 
early childhood influences, prenatal care, heredity, sorting and non-random matching of teachers 
and students, or other systematic factors associated with selection and potentially leading to 
bias,
92
 and a simultaneous determination of several outcomes, are assumed to be non-existing.  
In the event that these assumptions are not satisfied, the point estimates associated with 
the impact of educational inputs on achievement–or the association between educational inputs 
and outputs–will be biased. The following proposed models are an attempt to reduce potential 
biases in these estimates due to omission of variables in the specification (associated with the 
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 See Sund (2009) for a brief definition of these problems (p. 329), and Uribe, Murnane, Willett, and Somers (2006) 
for a summary on diverse attempts to account for them. 
92




student’s unobserved heterogeneity, and dealt with using individual fixed effects93, in Model 2) 
and other econometric estimation mis-adjustments (associated with the fact that OLS does not 
take into account that there is some correlation between each individual’s observations, and 
between students within the same schools, in Model 3).  
Model 2: Panel data estimation 
Longitudinal or panel data models for education were first suggested by Boardman and 
Murnane (1979), as a way to “provide a more satisfactory basis for deriving causal inferences 
concerning the determinants of children’s achievement” (p. 113), in contrast to research based on 
cross-sectional estimates. Panel data are used to eliminate biases in the estimates of the 
educational parameters arising from i) the correlation between the observable influences and the 
unobservable composite; and ii) the assumptions regarding the timing of the impact of 
environmental influences on achievement (p. 120). In addition to this, one of the most significant 
contributions of longitudinal models is to allow “the researcher to get at social dynamics, a must 
to truly understand social mechanisms” (Allison, 2009), which has very significant implications 
for the analysis of education. Longitudinal estimates help to provide a causal interpretation to the 
estimated coefficients, given the fact that they arise from expected response in the educational 
outcome variable using the within-variation of individual students after a change over time for 
educational inputs for students (see Clotfelter, Ladd, and Vigdor, 2007b, p. 674
94
). In the context 
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 Hanushek, Kain, and Rivkin (2007) mention that one way to control for these student differences or heterogeneity 
is to include lagged achievement. However, “lagged achievement may fail to capture fully all relevant student 
differences” and that is a reason for using student fixed effects by taking first differences (p. 831). Similar reasoning 
is provided by Meghir and Rivkin (2011), who see the use of lagged achievement or student fixed effects as a way to 
“account for the history of the parent, community and school input effects” (p. 51); and Clotfelter, Ladd, and Vigdor 
(2007), who state that “the effects of the student’s prior teacher and schools on current achievement are captured by 
the lagged score term” (Working Paper version, p.10). 
94
 The corresponding Working Paper version of this published article (Clotfelter, Ladd, and Vigdor, 2007a) suggests 
that “the reliance on longitudinal data permits us to explore in some detail the mechanisms through which [a certain 
input] exert[s its] impacts”, while cross sectional work did not allow to determination of any causality behind 




of education, this could be represented by our ability, under ideal conditions, to look at whether a 




Specification for Model 2 incorporates the longitudinal structural components into the 
model represented by equations (1) and (2), under the assumption that unobserved heterogeneity 
(i.e., individual-specific variables that are unobservable and time-invariant) is important to assess 
the determinants of cognitive achievement. The results from Model 1 would be biased (equation 
2) and would reflect the spurious result of the correlation between the regressors and some time-
invariant variables that would affect the outcome.
96
  
Equation 3 incorporates student fixed effects, in an attempt to control for potential 
omitted variables arising from individual unobservable characteristics and other observable 
sources of bias mentioned above.  
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     (3) 
where c
itA represent achievement in two formal cognitive skills variables (defined by the 
cognitive skills index and score in reading and mathematics) for student i in year t; F represents 
individual and family characteristics (K different variables); S represents school supplied inputs 
(S different variables); and T represents teachers’ characteristics for student i (P different 
variables). 
ia represents the unobserved, individual time-invariant factors that affect 
c
itA  or the 
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 As Clotfelter, Ladd, and Vigdor (2007a) say, “the question is not whether one student who is taught by a teacher 
with a given qualification achieves on average at a higher level than a different student facing a teacher with lower 
qualification but rather whether any single student does better or worse when she is taught by a teacher with the 
higher qualification than when that same student is taught by a teacher with a lower qualification” (p. 15). In 
addition to estimates of the impact of teachers credentials on achievement, individual fixed effects have been used 
by Rockoff and Lockwood (2010) and Bedard and Do (2005) to estimate the effect of moving students from 
elementary to middle school when serving the same grades, among other papers.  
96
 Another way to understand this source of bias is to say that the assumption of independence of the errors for 
regression analysis is violated; errors are correlated or dependent over time, normally because of the existence of the 




student fixed effect, 
t represents the time individual-invariant factors that affect 
c
itA , and 
c
it  
allows capture of the idiosyncratic, time-varying factors that affect c
itA . By construction, unit 
effects (or unobserved heterogeneity) are correlated with the explanatory variables.
97
 As before, 
the functional form is an additive function of the different inputs in this scenario. 
 
Equation (3) is estimated using student fixed effects (FE). The FE estimates (sometimes 
called the within estimator, covariance model estimator or least square dummy variable estimates) 
of the vectors of parameters
98
, , sk   and p represent statistically improved estimates–in the 
sense that they reduce the bias of the pooled estimates–of the determinants of math and reading 
achievement, and exclude any impact associated with within-individual characteristics that may 
affect the dependent variable (and are time-invariant). FE regression enables control for omitted 
variables that are constant over time but are allowed to differ across the individuals. FE 
estimation uses variation in achievement within students over time, eliminating any variance 
from individual unobservable and observable factors that do not change over time and may affect 
achievement. FE uses only within-individual differences, essentially discarding any information 
about differences between individuals, since the between individuals variation would be likely to 
be confounded with unobserved characteristics of the individuals. Assuming that the “effects are 
linear, the student FE eliminate any bias originated from the non-random matching of teachers 
and students” (Clotfelter, Ladd, and Vigdor, 2007b, p. 674). Similar reasoning applies to the 
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 If the unobserved heterogeneity was not correlated with the explanatory variables, the appropriate estimation 
method would use random effects. Normally, we would tend to think that there are important variables for 
determining the dependent variable, but we cannot measure them. This aspect is empirically tested using a Hausman 
test, to confirm whether it supports the argued hypothesis. Similarly, the F statistic provides evidence for person-
level unobserved heterogeneity. 
98
 Note that the only variables with a potentially estimated coefficient are time variant variables. I maintain the full 




effects of the selection of some students into schools, given our more general educational 
framework. 
Two of the most important limitations associated with fixed effects estimates are that a) if 
predictor variables vary greatly across individuals but have little variation over time for each 
individual, then fixed effects estimates will be very imprecise (Allison, 2009)
99
; and b) this 
method is unable to estimate coefficients for any time-invariant predictors (we control for all 




Under this framework, it is assumed that i) slopes are homogenous among different 
individuals, schools and at different times; ii)  (  )   (  )   (   
 )   ; iii)  (     )    
  if 
i=j and 0 otherwise;  (     )    
  if t=s and 0 otherwise; and  (   
     
 )     
   if i=j and t=s 
and 0 otherwise; iv)  (     )   (      
 )   (      
 )     and v)  (      )   ;  (      )  
 (       
 )   . These assumptions imply that the nested structure of the database would not be 
playing any role in the estimation of the determinants of achievement, which is ascertained using 
Model 3. In particular, as noticed by Steele, Vignoles and Jenkins (2007), “one consequence of 
ignoring clustering is the underestimation of standard errors due to the decrease in the effective 
sample size, and in general the underestimation is more severe for explanatory variables that are 
defined at the cluster level” (p. 803). Model 3 is proposed in order to test whether the assumption 
of uncorrelated error terms across students clustered in the same school is valid and is expected 
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 Allison (2009) also notes that it is common for FE estimates to vary markedly from other methods’. When this 
happens, FE detects spuriousness in the cross sectional estimates, or associations which would just be the result of 
the correlation between the regressors and some time-invariant variables that would affect the outcome. Providing 
more insight into this, Allison says that “whenever conventional regression produces a significant coefficient but FE 
does not there are two explanations: 1-The FE coefficient is substantially smaller in magnitude; and/or 2-The FE 
standard error is substantially larger. Standard errors for FE coefficients are often larger than those for other 
methods, especially when the predictor variable has little variation over time” (e-book, no page available). 
100




to lead to the most precise estimates of the determinants of cognitive achievement for individuals 
clustered in schools. 
Model 3: Panel data and multilevel model estimation 
The previous specifications are extended in Model 3 in order to take into consideration 
the hierarchical structure of the empirical dataset, and thereby, properly account for the lack of 
statistical independence between units in the sample when students are grouped within a school. 
I propose a random intercept multilevel model, or hierarchical model, to describe the relationship 
between academic achievement and its predictors. The model has predictors at two levels 
(individual and school level variables), allowing the intercepts to vary across schools (through 
h0 instead of 0 ). These models were described by Bryk and Raudenbush (1992 and 2002). An 
extension using cross sectional databases over time was developed by Willms and Raudenbush 
(1989).
101
 The following model combines their suggested equations with the individual-time 
invariant (
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School level-time variant components: ht
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School level-time invariant components: h
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Multilevel, longitudinal model:  
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   (7) 
This equation accommodates all the characteristics of the educational process using a 
longitudinal, multilevel structure. As before, c
ithA represents achievement in two formal cognitive 
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skills variables (defined by the cognitive score in reading and mathematics) for student i in year t 
and school h; F represents individual and family characteristics (K different variables), S 
represents school supplied inputs (S- time-variant and S’-time-invariant variables), and T 
represents teachers’ characteristics for student i (P different variables). The specification is a 
linear additive function of the different inputs. 
00 is the school grand mean (or the average mean 







, shows the main effect of time on 
c
ihtA . The 
error term structure shows the presence of unobserved, time-invariant factors that affect c
ithA  ( ia ), 
time individual-invariant factors that affect c
ithA  ( t ), the school specific intercept-random 
component stable over time (
hv ), the school specific intercept-random component unstable over 
time (
htu ) and 
c
ith  
captures the idiosyncratic factors that affect c
ithA . Other statistical assumptions 
are that each component of the error term is independent and identically distributed and mutually 
independent, with mean zero and constant variances in the diagonal of the variance-covariance 
matrix. The composite residual term identifies the random effects necessary to adjust for the 
hierarchical and longitudinal structure of the dataset. Equation (7) is estimated using students 
fixed effects with clustered standard errors to adjust for the school random intercepts and nested 
structure of the ECLS-K database.  
 
3.3.2. Estimation of Non-Cognitive Achievement: Educational Production Function for 
Non-Cognitive Skills 
The development of an economic framework for the production of non-cognitive skills 




production of cognition in the educational process by Todd and Wolpin (2003
102
 and 2007), and 
Bowles’s (1970) formulation about the role of attitudes in the school process.103 This information 
is combined with contributions from the fields of personality psychology and economics. The 
equations representing the proposed framework build on the structure set out by Cunha and 
Heckman (2008) and Cunha, Heckman and Schennach (2010). However, their approach is built 
from the perspective of the abstract production function framework and the specific role of the 
school is not explicitly modeled. This study is thus an extension of the existing literature in this 
respect. 
Assume that non-cognitive skills’ production is a function of invested resources on 
children (i.e., a function of family and school supplied inputs). For the baseline scenario, let’s 
also assume that the production of behavioral skills is not affected by other type of skills:  
 ncihancihihihanciha aSaFfA  ,),(),( 0    (8) 
In equation (8), F represents family supplied inputs and S represents school supplied 
inputs. nc
ih0 measures the child’s endowed mental and behavioral capacities, relevant to acquiring 
non-cognitive skills, and nc
iha  allows for measurement error in personality traits. The subscript a 
means that the impact of inputs can vary as a function of the age of the child. 
af  
represents the 
functional form or production technology that combines the different inputs.  
The following models mimic the models suggested for estimating the determinants of 
cognitive achievement. Non-cognitive skills are represented by variables such as self-reported 
internalizing problems and externalizing problems, and teachers’ assessed internalizing and 
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 I acknowledge the fact that this paper specifically defined educational outcomes as test scores. In this study, the 
first adaptation to the current setting is to also consider the non-cognitive skills as valid educational outcomes, 
which have been largely justified in the literature review (Chapter II). 
103
 To some extent, Bowles’s (1970) framework is suggestive of simultaneous effects between cognitive outcomes 




externalizing problems by the student, as well as a non-cognitive skills index.
104
 Non-cognitive 
achievement for student i attending school h is produced in school, as a function of individual, 
family, teacher and school characteristics
105
, as in the previous case. More details about these 
three specifications are provided below, including the statistical equations that are estimated and 
tested under each model. 
Model 1: Pooled estimation 
Equation (9) represents the production of non-cognitive achievement for student i 






















iA represents achievement in the non-cognitive skills variables (defined by the scores in 
the teacher’s reporting of internalizing and externalizing behavioral problems, and self-control, 
plus the non-cognitive skills index) for student i; F represents individual and family 
characteristics (K different variables); S represents school supplied inputs (S different variables); 
and T represents teachers’ characteristics for student i (P different variables). nc
i  
allows for 
measurement error in behavioral outcomes. The functional form (
af in the general case stated in 
equation (8)) is an additive function of the different inputs in this scenario.  
Equation (9) is estimated by OLS. The estimates of the vectors of parameters , , sk   and 
p represent baseline estimates of the determinants of achievement in the non-cognitive skills. 
For these estimates to be unbiased, it is assumed that i) intercepts and slopes simultaneously are 
homogenous among different individuals and schools, and over time and at different student ages; 
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 See Section 4.3.1 and Table 4.11. 
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iE   if i=j and 0 otherwise; and iv) 0),( 
nc
iiXE  , indicating 
that there is not any bias attributable to omitted variables. Importantly, as explained in the 
previous section, this condition implies that there is not any omitted variable in the model that, 
because it is associated with non-cognitive performance and correlated with the individual 
predictors, biases the estimates. Fundamentally, the model rules out the presence of individual 
unobserved heterogeneity or systematic factors associated with selection of students that may 
lead to inconsistent estimates. It also excludes any potential mutual impact of simultaneously 
determined outcomes.  
In the event that these assumptions are not satisfied, the estimates will be biased. The 
following proposed models attempt to reduce potential biases in these estimates due to 
econometric estimation failures (i.e., using pooled estimation versus fixed effects and clustered 
estimation) and also potential omitted variables in the specification (i.e., unobservable 
characteristics, etc.). The following proposed models attempt to reduce potential biases in these 
estimates due to omission of variables in the specification (associated with the student’s 
unobserved heterogeneity and dealt with using individual fixed effects
106
 in Model 2) and other 
econometric estimation challenges (associated with the fact that OLS does not take into account 
that there is some correlation between each individual’s observations and between students 
within the same schools, in Model 3, which violates the independence assumption).  
Model 2: Panel data estimation 
Specification for Model 2 incorporates the longitudinal structure components into the 
model represented by equations (8) and (9), under the assumption that unobserved heterogeneity 
(i.e., individual-specific variables that are unobservable and time-invariant) is important to assess 
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the determinants of non-cognitive achievement. The results from Model 1 would be biased 
(equation 9) and would reflect the spurious result of the correlation between the regressors and 
some time-invariant variables that would affect the outcome.
107
  
Equation (3) incorporates student fixed effects, in an attempt to control for potential 
omitted variables arising from individual unobservable characteristics and other observable 




















  (10) 
where nc
itA represents achievement in three non-cognitive skills variables (defined by the non-
cognitive skills index and the scores in the teacher’s reported internalizing and externalizing 
behavioral problems, and their self-control) for student i in year t; F represents individual and 
family characteristics (K different variables), S represents school supplied inputs (S different 
variables), and T represents teachers’ characteristics for student i (P different variables). 
ia
represents the unobserved, time-invariant factors that affect nc
itA  , t represents the time 
individual-invariant factors that affect nc
itA , and 
nc
it  
allows captures the idiosyncratic, time-
varying factors that affect nc
itA . As before, the functional form is an additive function of the 
different inputs in this scenario. 
 
Equation (10) is estimated using fixed effects for students (FE). FE estimation assumes 
variation in achievement within (among) students over time, eliminating any variance from 
individual unobservable and observable factors that do not change over time and may affect 
achievement. FE uses within-individual differences only, essentially discarding any information 
about differences between individuals, since the between individuals variation would be likely to 
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 Another way to understand this source of bias is to say that the assumption of independence of the errors for 
regression analysis is violated; errors are correlated or dependent over time, normally because of the existence of the 




be confounded with unobserved characteristics of the individuals. The FE estimates of the 
vectors of parameters , , sk   and p  represent statistically improved estimates of the 
determinants of non-cognitive achievement, where potential bias originated by within-individual 
characteristics that may affect the dependent variable (see p.81 for a list of such omitted 
variables) would be dismissed.  
Under this framework, it is assumed that i) slopes are homogenous among different 
individuals, schools and at different times; ii) 0)()()(  ncitti EEaE  ; iii)
2),( aji aaE  if i=j 





itE   if i=j and t=s, and 0 
otherwise; iv) 0),(),(),(  ncitt
nc
ititi EaEaE  ; and v) 
0),(),( ;0),(  ncitittitiit XEXEaXE  . These assumptions imply that the nested structure of 
the database would not be playing any role. If it did, the consequences for the estimates would be 
that the standard errors would be underestimated and would eventually lead to wrong 
conclusions in terms of what educational inputs are statistically significant in the production of 
non-cognitive skills. Model 3 is proposed in order to test whether the assumption of uncorrelated 
error terms across students clustered in the same school is valid and is expected to lead to the 
most precise estimates of the determinants of cognitive achievement for individuals clustered in 
schools. 
Model 3: Panel data and multilevel model estimation 
The previous specifications are extended in Model 3 to take into consideration the 
clustered structure of the dataset, or the potential lack of statistical independence between 
students in the sample, when they are grouped within a school. I propose a random intercept 
multilevel model for achievement in the non-cognitive outcomes (or hierarchical model) in 




allowing the intercepts to vary across schools (through
h0 , instead of 0 ). These models were 
described by Bryk and Raudenbush (1992 and 2002). An extension using cross sectional 
databases over time was developed by Willms and Raudenbush (1989).
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 The following model 
combines their suggested equations with the individual-time invariant (
ia ) and individual time-
invariant effects (






















ith au    (11) 
School level-time variant components: ht
S
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School level-time invariant components: h
S
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,00 ' (14) 
 
This equation acknowledges all the characteristics of the educational process using a 
longitudinal, multilevel structure. As before, nc
ithA represents achievement in internalizing and 
externalizing behavioral problems, and self-control –the three non-cognitive skills variables-, for 
student i in year t and school h; F represents individual and family characteristics (K different 
variables); S represents school supplied inputs (S- time-variant and S’-time-invariant variables); 
and T represents teachers’ characteristics for student i (P different variables). The specification is 
a linear additive function of the different inputs. 








shows the main effect of time on nc
ithA . The error term structure shows the presence of unobserved, 
time-invariant factors that affect nc
ithA  ( ia ), time individual-invariant factors that affect 
nc
ithA  ( t ), 
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the school specific intercept-random component stable over time (
hv ), the school specific 
intercept-random component unstable over time (
htu ) and 
nc
ith  
captures the idiosyncratic factors 
that affect nc
ithA . Other statistical assumptions are that each component of the error term is 
independent and identically distributed and mutually independent, with mean zero and constant 
variances in the diagonal of the variance-covariance matrix. The composite residual term 
identifies the random effects necessary to adjust for the hierarchical and longitudinal structure of 
the dataset. Equation (14) can be estimated using fixed effects with clustered standard errors to 
adjust for the school random intercepts. 
 
3.3.3. A Simultaneous Equation Model of the Determinants of Educational Outcomes: 
Achievement and Behavioral Skills 
Some of the empirical works surveyed in the literature review (see section 2.5.7) were 
suggestive of potential associations between the two types of educational outcomes studied in the 
previous sections, and noticed some empirical and conceptual linkages between cognitive and 
non-cognitive skills. Those implied relationships indicate the potential benefit of modeling the 
educational process using a simultaneous equations model for the joint determination of the 
production of cognitive and non-cognitive skills.  
Despite an array of potential benefits
109
 associated with simultaneous equations models, 
these statistical models have been scarcely used in theoretical or empirical economics of 
education research. Under this framework, the production of the different skills would be 
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 A strong argument regarding these models is stated by Goldberger (1991), when he says that “it appears that such 
models [simultaneous equations models in which several dependent variables are jointly determined] are not only 
natural, but indeed essential: simultaneity, reciprocal causation and feedback are ubiquitous in the real world” (p. 
337). Also, Hausman (1983) wrote that “structural models provide a crucial inductive method to increase our 




considered both an outcome and an input in the school process and simultaneous and recursive 
effects would be allowed and accounted for. Simultaneous equation models (SEM)
110
 offer the 
possibility to control for endogenous variables. They acknowledge the role of accumulated 
experience in all potential ingredients of the educational process. They also acknowledge 
potential simultaneous interdependence between explanatory variables and educational outcomes 
(Levin, 1970, p. 63). Under SEM, some of the explanatory variables are endogenous, and the 
source of endogeneity results from a fundamental part of the specification: cognitive and non-
cognitive skills are allowed to be interdependent by design, and we would be able to study the 
production of skills while treating cognitive and non-cognitive skills both as the dependent 
variables and as endogenous variables. All in all, these models aim at “nearly mirroring what we 
know of the educational process” (Levin, 1970, p. 60), which seems a useful analytical tool for 
explaining the production of multiple outcomes in the educational process. 
However, the SEM framework incorporates important implications for both interpretation 
and estimation of the parameters of interest, and certainly some empirical challenges. The 
formulation encompasses a set of analytical assumptions and limitations that need to be validated 
in the empirical analyses. To start with, endogeneity is a fundamental part of the specification in 
the SEM framework (Greene, 2011, p. 315). Because the endogenous variables are correlated 
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 Importantly, the same acronym is utilized for another type of statistical models, the structural equation model. In 
this research SEM will unambiguously refer to Simultaneous Equation Model. However, given some similarities 
between these two approaches, and in order to avoid confusion with the terminology used, the following definition 
of structural equation models is provided. According to Kaplan (2000), structural equation modeling is the 
combination of factor analysis and path analysis, and simultaneous equation modeling into one comprehensive 
statistical methodology. Simultaneous equation models tackle interdependences between variables, and endogeneity 
is a fundamental component of them, by construction. In a sense, “Structural EM is an extension of Simultaneous 
EM” (Kaplan, 2000, p. vii). In a very special case, when the general structural equation model for continuous latent 
variables reduces to simultaneous equations model developed in econometrics (Kaplan, 2000, p. 5). Both pursue the 
goal of testing theories, but Structural EM relies on the analysis of variances and covariances (Kaplan, 2001, p. 
15215), and has the ability to construct latent variables (or multiple indicators for each variable) and paths 





with the disturbances, the OLS estimates of the parameters of equations with endogenous 
variables on the right hand side of the equation are inconsistent. This is sometimes labeled the 
simultaneous equation bias (Greene, 2011, p. 316, footnote 35). The appropriate estimation of 
these models encompasses a more complex structure, formulation and assumptions, as described 
below. The most important assumptions are identification and exclusion restriction, which are 
defined by Goldberger (1991) in the following way: “identification deals with the issue of 
whether the matrix of the reduced form coefficients uniquely determines the structural 
parameters; restrictions deals with the issue of whether the prior knowledge of certain elements 
of the structural parameters implies restrictions on the matrix of the reduced form coefficients” 
(p. 355).  
The theory and methodology that frame the last empirical question are explained in detail 
in Wooldridge (2009, Chapter 16), Wooldridge (2002, Chapters 8 and 9), Greene (2011, Chapter 
10), Goldberger (1991, Chapters 30 to 33), Murnane and Willett (2010, Chapter 10), Hsiao (2003, 
Chapter 5), Baltagi (2011, Chapter 11), and Hausman (1983). The simultaneous equations model 
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 A very brief definition of two econometric settings that are somehow similar to SEM is presented here. The goal 
of this short introduction to them is to help understand their comparison with SEM (for theoretical references) and 
justify why the appropriate model is a SEM for the purposes of the current study. The settings are SUR and 
Recursive models. In a seemingly unrelated model (SUR), the equations are linked only by the disturbances. The 
coefficients of interest are normally the reduced form parameters, rather than the structural parameters (Goldberger, 
1991): “In simultaneous equation models, the targets of research are the structural parameters, rather than the 
reduced-form parameters. So the SEM is a special case of the SUR in which the parameters of interest are not those 
of the CEF’s among observable variables. As a consequence, rules are needed for converting estimates of the 
reduced form into estimates of the structural parameters. An SEM may imply restrictions on the reduced-form 
parameters, in which case the best estimates of them are not obtained by equation-by-equation LS on the reduced 
form. Second, there may be no way to convert estimates of the reduced form into estimates of the structural 
parameters, because the latter parameters may not be uniquely deducible from the reduced form estimates” (p 335). 
A recursive model is a SEM where the upper matrix of coefficients for the endogenous variables is triangular. In this 
case, the first equation is completely determined by the exogenous factors. Given the first, the second is likewise 




Productions of cognitive and non-cognitive skills for student i attending school h are 
linear combinations of individual and school inputs, initial capabilities or endowments, 
traditional inputs and the complementary skill. This structure (system of equations) 
acknowledges that cognitive and non-cognitive achievements at age a may play a role in the 
production of the complementary skills (i.e., non-cognitive skills affecting cognitive 
achievement and vice-versa). The following expressions represent this general scenario: 
 ncihacihancihcihncihacihaihihcaciha AAaSaFfA  ,,,,,),(),( 00!  (15a) 
 ncihacihancihcihncihacihaihihncanciha AAaSaFfA  ,,,,,),(),( 00!   (15b) 
In these equations, cA and cA!  represent a given cognitive skill and the remaining 
cognitive skills, assuming there are various cognitive skills; ncA and ncA!  represent a particular 
non-cognitive skill and the remaining non-cognitive skills, assuming there are various non-
cognitive skills; F represents family supplied inputs and S represents school supplied inputs, for 
student i in school h. In equation 15a, cA! and ncA allow the influence of all other outcomes 
(remaining cognitive and all non-cognitive) on the current outcome ( cA ), and represent the 
endogenous variables in the production of one particular outcome. In equation 15b, cA and ncA!
allow the influence of all other outcomes (all cognitive and the remaining non-cognitive) on the 




ih0 measure the child’s endowed mental and behavioral capacities, 
relevant to acquiring each type of knowledge or skill, and c
iha  
and nc
iha  allow for measurement 
error in test scores and personality traits. The subscript a implies that the impact of inputs can 
vary as a function of the age of the child.  The functional form (
af in the general case) is an 





The proposed models would consist of a set of equations, one for each educational 
outcome. These variables are the dependent variables and endogenous variables in each 
structural equation. I construct a 2-equations SEM, in which the dependent and endogenous 
variables are the cognitive skills index and the non-cognitive skills index.
112
 The exogenous 
variables include individual, family, teacher and school level variables, and previous values for 




Simultaneous equation models impose a set of assumptions and requirements for 
identification. One of these requirements is their completeness. A system is said to be complete 
if the number of equations equals the number of endogenous variables. The most important 
conditions for identification are the order condition with exclusion restrictions and the rank order 
condition for identification (Wooldridge, 2002 and 2009, and Hausman, 1983).
114
  
The order condition for identification implies that in any equation g in the system of 
equations (  Gg ,...,1
 
where G represents the total number of equations in the system), the 
number of excluded exogenous regressors is at least as large as the number of included 
endogenous variables.  
gg MKK   (16a) 
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 More details about these indices are provided in Section 4.3.1. Two references using scales or indices building on 
skills are Marsh and Yeung (1997), who use these scales in a structural equations model, and Loeb, Bridges, Bassok, 
Fuller, and Rumberger (2007), who build the same index that is used in this dissertation under the name of 
“restricted non-cognitive skills index.”  
113
 The latter variables play an important role in assuring the model’s identification. As suggested by Greene (1997): 
“There is a rule of thumb that is sometimes useful in checking the rank and order conditions of a model: If every 
equation has its own predetermined variable, the entire model is identified” (p. 729). Another comment on 
identification and restrictions on the coefficients is provided by Boardman, Davis, and Sanday (1977). They mention 
that SEM are identified by exclusion restrictions “[…] Educational theory” and that the only information regarding 
this is that “no endogenous variables should be negative” (p. 30). 
114
 These conditions are explained for a general case, in which the simultaneous equation model is composed of G 
equations. In Chapter VII, the verification of these conditions will be done taking into consideration the 




where K represents the number of exogenous regressors in the system, 
gK represents the number 
of exogenous regressors included in equation g and 
gM  represents the number of included 
endogenous variables in equation g. This condition is a necessary, non-sufficient, condition for 
identification.  
The rank condition (for the most parsimonious scenario, where there are two structural 
equations) implies that each equation is identified if (and only if) the second equation contains at 
least one exogenous variable that is excluded from the first equation (or, for a system with more 
than two equations, if each equation contains “its own” exogenous variable that does not appear 
elsewhere in the system).
115
  





This condition imposes a restriction on a submatrix of the reduced form coefficient 
matrix (  ). In the above equation, *
g  is the matrix of coefficients for the reduced form 
parameters for the excluded variables in equation g; *
g is one element of the submatrix; and gM  
represents the number of included endogenous variables in equation g.  
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 We keep two alternative formulations of the rank order condition. 
The rank condition ensures that there is a unique solution to the set of equations/for the structural parameters given 
the reduced-form parameters (Greene, 5
th







































g represents the coefficients in the g
th
 equation that multiply the endogenous variables (one equals to 1, 
some equal to 0 and some are non-zero); and 
g represents the coefficients that multiply the exogenous variables in 
equation g.   














This condition is sufficient for identification
116
. Estimation and inference for SEM relies 
on estimation techniques based on instruments. The main difference between SEM and 
instrumental variables is based upon the fact that in a SEM the instruments are obtained 
“elsewhere” in the system–anywhere except for the same equation–, while a traditional 
instrument is obtained outside from the context.
117
 
Regarding the systems estimated in this study, two models are proposed: a cross-sectional 
SEM and a longitudinal SEM. The first model uses information for individual cross sections or 
grades in the dataset. The second model exploits the longitudinal dimensions of the database, 
following Cornwell, Schmidt, and Wyhowski (1992), Cornwell and Trumbull (1994), Hsiao 
(2003), and Baltagi and Chang (2000). Under this scenario, each structural equation considers as 
units of analysis the observation for an individual at a particular point in time, and the regression 
incorporates an individual unobservable fixed effect. 
 
Model 1: Baseline simultaneous equations model: single cross section 
































































  (17a’) 
 
where ],...,1[ cgc ; ],...,1[ ncgnc ; and Ggg ncc  . 
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 Greene (2002) says that identification is a theoretical exercise (p. 326, among others). I do not discuss the case of 
overidentification (more exogeneous variables than endogenous variables). According to Greene, under 
overidentification the rank condition is met (p.394) and the model could be estimated.   
117
 Examples of these “external” instruments are the number of schools or roads in an area to instrument school 
choice, changes in the educational laws to instrument years of education, etc. In a SEM, the exogenous variables are 





igA ,  and 
nc
igA , represent both the outcome and the endogenous regressors in each structural 
equation for individual i in a particular grade; the outcomes will be represented by the individual 
outcomes explained above (achievement in reading and mathematics, and scores in the three 
teacher reported non-cognitive variables) and by two indices constructed as factors representing 
the cognitive and the non-cognitive skills (see Chapter 4, Section 3, for more details). F 
represents individual and family characteristics (K different variables); S represents school 
supplied inputs (S different variables); and T represents teachers’ characteristics for student i (P 
different variables). These variables may be different for each c







measurement error in test scores and behavioral outcomes
118
.  
System estimation would be based on three-stage least squares estimator (3SLS), 
according to Hausman (1983), as the baseline estimation method. The 3SLS estimator is defined 





equation; compute the vector of parameters using 2SLS for each equation and obtain each 
element of the covariance matrix ( jg

 ) from the residuals of the structural equations estimated by 
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 Some of the , , , skj   and p  parameters could be set equal to 0 in each equation. That would bes the result 
of the specification of each equation in accordance with the theory of the production of each achievement type, and 
a necessary step to work towards identification conditions of the model. These restrictions are based upon modeling 
what is known about the relationships, and not on arbitrarily providing necessary restrictions for identification. More 




2SLS; and compute the GLS estimator and an estimate of the asymptotic covariance matrix
119
 
(for the formulas). This estimator is consistent, and asymptotically efficient
120
. 
The estimates of the vectors of structural parameters of , , ,,,1 skjl   and p
represent baseline estimates of the determinants of achievement (math, reading and non-
cognitive skills) and include the impacts of the remaining simultaneously determined skills on 
the other skill. These estimates account, thus, for simultaneity bias and allow us to assess the 
importance of interdependences between skills. For these estimates to be unbiased, we assume 
that i) intercepts and slopes simultaneously are homogenous among different individuals and 
schools; ii) the structural disturbances are independent and identically distributed across 










iE   if i=j and 0 
otherwise; and iii) 0),( ciiXE  and 0),( 
nc
iiXE  . 
The next proposed model attempts to explore potential biases in these estimates due to 
potential omitted variables in the specification (arising from the unobserved heterogeneity) and 
also aims to shed some light on the dynamics of the simultaneous production of educational 
outcomes.  
Model 2: Longitudinal simultaneous equations model 
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where Z is the matrix including the exogenous variables and the endogenous variables in the right side of the 
equation.   is the variance covariance matrix and I  is the identity matrix. 
120
 Other instrumental variables techniques for joint estimation of the system are: GMM –which would bring 
efficiency gains in the presence of heteroskedasticity, and is equal to the 3SLS estimator if the disturbances are 
homoscedastic–; and full information maximum likelihood (FIML) –which ensures efficiency among all estimators, 



































































   
(18a’) 
where ],...,1[ cgc ; ],...,1[ ncgnc ; and Ggg ncc   . 
c
itgA ,  and 
nc
itgA , represent both the outcome and the endogenous regressors in each 
structural equation for individual i over time (the outcomes are the individual outcomes 
explained above (achievement in reading and mathematics, and scores in the three teacher 
reported non-cognitive variables, and the two indices constructed as factors representing the 
cognitive and the non-cognitive skills). F represents individual and family characteristics (K 
different variables); S represents school supplied inputs (S different variables); and T represents 
teachers’ characteristics for student i (P different variables). 
ia represents the unobserved, time-
invariant factors that affect ncc
itA
,  ; 
t represents the time individual-invariant factors that affect
ncc
itA
, , and ncc
it
,  
allows for measurement error in test scores and behavioral outcomes. The 
functional form (
af in the general case) is an additive function of the different inputs in this 
scenario.  
The complete structural system would be estimated by 3SLS (which ignores the error 
component structure in estimating the equation–see Baltagi and Chang (2000), p. 273–) and 
Within-3SLS (W3SLS, i.e., 3SLS of the within transformation of the system, assuming that the 
individual effects are fixed–Baltagi and Chang (2000), p. 273–122), as suggested by Wooldridge 
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 To account for the nested dataset structure, the estimates may include clustered standard errors adjustments. 
Maybe this could be done with the E3SLS suggested by Baltagi and Chang (2000), and accounting somehow for the 
individual effects through the within transformation or including dummies for the students. This can be an 
interesting extension for the current setting, evaluated in Chapter VIII.  
122
 Cornwell, Schmidt, and Wyhowski (1992) argue that: “we cannot do better than an efficient estimator (such as 




(2009), Cornwell, Schmidt, and Wyhowski (1992), Cornwell and Trumbull (1994), Baltagi and 
Chang (2000), or Hsiao (2003)
123
.  
For these estimates to be unbiased, we would need to assume that i) intercepts and slopes 
simultaneously are homogenous among different individuals and schools; ii) 0)()(  ti EaE  ; 
iii) 2),( aji aaE  if i=j and 0 otherwise, 
2),(  stE  if t=s and 0 otherwise; iii) random 
disturbances for person i at time t are independent and identically distributed, which implies that
0)()(  ncit
c





itE   if i=j and t=s, and 0 otherwise; iv) 
0),(),(),(  citt
c
ititi EaEaE  ; and v) 0),(),(),( 
c
itittitiit XEXEaXE  , implying that 
the exogenous variables are orthogonal to all structural errors. 
 
3.4. Assessing Biases: Achievement Measured in Levels or in Gains? 
For simplicity, equations (1)-(18) showed the dependent variables expressed as variables 
in levels, assuming the metrics in which each of the variables is reported in the dataset in use. 
For the same reason, the specifications did not consider any role of potential learning dynamics, 
neither in the cognitive performance, nor in the production of non-cognitive skills; omitting the 
presence of the student’s pre-score information in the right side of the equation.  
In addition to the consequences of using longitudinal methods for ascertaining the 
determinants of educational achievement, the theoretical and empirical literatures have discussed 
the limitations and advantages of using specifications where the dependent variables are 
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 There are some alternative estimation methods proposed by these authors, which could be applied depending on 
the tests of the assumptions. Hsiao (2003) suggests the use of G2SLS and G3SLS if the individual error term in each 
equation g is not independent and identically distributed (over i and t), for the estimation of each single structural 
equation and the complete structural system respectively. Baltagi and Chang (2000) proposed to use the error 
components-3SLS (EC3SLS), to account for the random error component structure) for the estimation of the 




measured in levels, versus dependent variables measured in gains (achievement gain between 
two waves), with and without controlling for a lagged test score or pre-score. Two mainstreams 
of work have devoted some attention to this debate: the statistical literature (Rivkin, 2008; 
Meghir and Rivkin, 2011, Clotfelter, Ladd, and Vigdor, 2007b) and the educational policy 
literature (Ready, 2012). The first contributions focus on the consequences in terms of bias and 
efficiency of the estimators and estimates. The second reference provides a set of explanations 
supporting the contextual interpretation of those potential biases, and the sources of origin for all 
of them. The next paragraphs survey the contributions from these articles that are most relevant 
for this study. 
As anticipated above, the existence of biases is a concern for this study because findings 
from the analyses may be mistakenly interpreted if we disregard the potential influences of the 
items involved in the estimation. In particular, our assessment of the size and direction of 
existing biases is going to be a function of i) the specification, ii) the estimation strategy and iii) 
several assumptions affecting the rate of decay of previous knowledge and the correlation 
between school characteristics across grades.  
Regarding the model specification, the main objections to the use of variables in gains 
versus levels are, as highlighted by Allison (1990), unreliability and regression effects. 
Unreliability implies that change scores or value added tend to be much less reliable than the 
component variable (Allison, 1990, p. 94). Regression toward the mean from pretest to posttest 
measurements will lead to a negative correlation between the pretest and the gain (Allison, 1990, 
p. 95). Consequently, if any other covariate is correlated with the prescore, “it will tend to have a 
spuriously negative relationship” with the gain. Rivkin (2008) emphasizes this discomfort with 




lagged endogenous variable as a regressor can introduce other types of specification error 
including errors in variables and endogeneity bias” (p. 6). Gain scores are “systematically related 
to any random error of measurement” (Cronbach and Furby, 1970, p. 68).124 Clotfelter, Ladd, 
and Vigdor (2007a) say that “in the more likely case in which the true coefficient on the lagged 
term is less than one, so that the decay rate is positive, the gains model is misspecified, and, 
under reasonable assumptions, will lead to downward biased estimates of the effects of teacher 
qualifications on current achievement. Missing from the right side of the gains equation is the 
lagged achievement variable, which would have entered with a coefficient of –(1-a) to capture 
the loss in achievement due to decay. Because this variable is missing, the other variables in the 
equation –such as the teacher qualification variables-, will pick up some of the negative effect to 
the extent that qualifications of the teachers facing particular students are positively correlated 
from one grade to the next”.125  
Regarding the estimation strategy, OLS and FE estimations lead to opposite biases in the 
estimates, depending on the specification. Specifically, biases in the fixed effect estimation for 
the level-specification and gains-specification are of the opposite sign to the biases in the 
corresponding OLS models (levels and gains). Rivkin (2008) highlights that “the introduction of 
student fixed effects tends to reverse the direction of bias caused by incorrect assumptions about 
the cumulative nature of schooling in the levels and gains models” (p. 3). In addition to this, as 
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 This paper presents some alternatives that allow estimation of the true change and the true residual change scores. 
Another source of problems could be related to measurement errors. See Andrabi, Das, Khwaja, and Zajonc (2011) 
for a discussion on this. 
125
 A different explanation is provided by Xu, Ozek, and Corritore (2012). The authors say that “since student 
achievement is likely to be serially correlated, the inclusion of the lagged achievement term on the right hand side of 
the levels model leads to correlation between the regressors and the error term” (p. 12). And the argument follows, 
saying that “consistent estimation requires instrumental variables methods […]. Furthermore, measurement error in 
the lagged achievement term introduces downward bias in the estimate of the persistence rate and may also induce 
biases in other coefficients”. In their analysis, using the twice lagged achievement as then instrument, the decay rate 
or persistence rate is close to one, versus 0.5-0.7 without instruments, which the authors highlight as the “strong 
evidence of the downward bias due to white noise measurement error in lagged achievement”. For more details and 




explained by Hsiao (2002) and Arellano (2003), the presence of lagged endogenous variable on 
the right hand side will require the use of instrumental variables when student fixed effects are 
included. These estimations will be included in the empirical and sensitivity analyses 
accompanying the OLS and FE estimates. 
Finally, regarding the assumptions about the rate of decay of previous knowledge and the 
correlation between school characteristics across grades, each specification would impose 
different “assumptions about the rate at which knowledge depreciates over time” (Rivkin, 2008, 
p. 2) and about the correlation of school characteristics across grades. Some additional details 
about these assumptions are explained in the notes beneath Table 3.1 (on the following page). 
The potential biases associated with the estimates obtained using variables in levels 
versus variables in gains or vice versa, when assessing the statistical properties of the estimates 






2-Table 3.1: Summary of bias in the estimates in the different specifications
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 E (2) 
 
Source: Rivkin (2008) and Meghir and Rivkin (2011). 
 
Definitions: 
)1(  : Portion of knowledge lost each year )10(  , or rate of decay of knowledge 
SC: School characteristic 
G: Grade G 




 Overestimates school effects: Unbiased if: 0 ;0   ;Bias decreases if: 0 ;0    
(2)
 Underestimates school effects: Unbiased if: 0  Bias decreases if: 0 
 
(3)
 Underestimates school effects: Unbiased if: 1 ;0   ; Bias decreases if: 1 ;0    
(4)
 Overestimates school effects: Unbiased if: 1  ; Bias decreases if: 1   
(5)
 Estimates are equal to the Level+Prescore, except for the coefficient on the prescore that equals )1 (  .
 
 
A contextual interpretation for such biases in the educational settings is provided by 
Ready (2012). His paper provides a summary of the potential sources underlying the correlations 
between student achievement and subsequent achievement gains or value added, exploring 
whether “whether initially high-achieving students appear to learn at a faster or slower rate than 
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 Note that this table does not include an assessment of the biases under SEM estimation of the different 





students with initially lower achievement” (p. 3) 127  and the opposed results that different 
estimation methods
128
 (growth curve models and ANCOVA) would lead to.  
Although existing literature has highlighted that there can be some reasons to believe 
there is a positive association between initial cognitive performance and subsequent learning,
129
 
most of the empirical evidence has pointed out that the association between current performance 
and posterior learning is negative (see a list of references in Ready, 2012, p. 4-5). This negative 
association has three potential explanations, which are different types of a regression to the mean 
effect manifestation: first, assessments –and their psychometric foundations– may involve 
regression to the mean because items in the assessment do not work as well for students at 
different points of the achievement distribution; second, measurement error in scores for students 
in the tails of the distribution, somehow obtained by chance and biased to the mean in the 
following assessment; and third, disproportionate equivalences of a unit of learning at different 
points of the distribution, that the item response scale scores are not able to fully capture (see 
Ready, 2012, p. 6-9). 
Regarding the opposite findings obtained when using different analytical methods, 
Ready’s paper discusses that the results from different estimation models are not directly 
comparable, since they measure different things (Lord, 1967 and its revision by Holland and 
Rubin, 1983). The growth curve models allow us to assess the association between current and 
later performance, while the ANCOVA model is helpful in answering whether students with 
initial high scores gain relatively more or less than students with initial low scores. To some 
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 According to Ready (2012), positive correlations are explained by the “Matthew Effect” and negative 
correlations are called “Fan-close” relationships.  
128
 Known as the “Lord Paradox”. 
129
 Called “Matthew Effects”, see Ready (2012), p. 4, or as a consequence of ability grouping or rich family and 




extent, this distinction connects the debate with the literature on the between-students versus 
within-students interpretations
130
. Another significant contribution of the paper is the proposed 
Locally Standardized Score strategy (p. 12), that allows comparison of development among 
children within similar achievement strata.
131
 
Both the sizes of the biases assessed in Table 3.1 and their potential sources and 
adjustments will be taken into consideration in the interpretation of the empirical findings.  
 
3.5. Assumptions in Empirical Analyses 
The internal and external validity of the empirical research conducted in this study is 
based on a set of assumptions summarized below. The following assumptions are also crucial to 
assess the unbiasedness of the coefficients estimated under the different models. Some 
limitations associated with these assumptions will be discussed in Chapter VIII. 
Contextual Assumptions 
It is assumed that the availability of school resources automatically translates into their 
use. This is a critical point for the discussion of the results, since I don’t make any adjustment of 
the educational production function functional form based on how school resources are actually 
used in instruction
132
. For a similar reason, I assume that the combination of educational inputs 
allows us to reach the production frontier, which indicates an optimal allocation of resources and 
their effective usage.  It is assumed that the best functional form to combine educational inputs is 
an additive function. 
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 See Mehl, Conner, and Csikszentmihalyi (2011) for a discussion of the between and within comparisons. 
131
 This technique would be of eventually good use for extending the current study’s results, as acknowledged in 
Chapter VIII. See details of how this score is constructed. 
132





It is assumed there is no mis-specification or presence of a left-out variable or 
confounding variable that may bias the point estimates associated with the school effects on 
achievement.  Potential problems associated with the child’s endowed mental and behavioral 
capacities (the terms c
ih0 and 
c
ih0 equals 0) are ruled out in the analyses, both by using individual 
fixed effects and by using pre-scores in most specifications.  
More generally stated, I assume there are no unobservable factors that change over time 
and can affect the students’ achievement in the ways explained by Meghir and Rivkin (2011), 
that are associated with selection and are sources of biases in the estimation strategies used in the 
analyses. 
It is assumed that 
t  equals 0, which does not cause any problem in presence of any 
covariates that do not vary across individuals.  
It is assumed that it is appropriate to proceed to identify school effects using the within-
variation over time in the school characteristics, and that this within-variation is substantial. 
Consequently, the standard errors for FE coefficients are not especially larger than those for 
other methods. If this were not true, it would have some consequences in our interpretation of the 
significance of the educational determinants, leading to failure to detect statistically significant 
inputs. 
While FE can remove the effects of non-random assignment of students within schools, 
when it is driven by time-invariant student characteristics, they cannot remove the non-random 
assignment of students within classrooms. This is especially problematic in the context of this 
study when this assignment is associated with the outcome, both cognitive or non-cognitive 




smaller classes, or the ability of senior teachers to choose teaching the most advantaged students. 
The students FE estimates would be interpretable as causal if the random assignment of students 
within classrooms, or of teachers to students, was truly random. Realistically, this assumption 
should not be made and will be discuss throughout the analyses.  
Lastly, it is assumed there is no measurement error in the variables used in the empirical 
analyses. This assumption is very strong as well, and a full re-consideration of the consequences 
of specifying models and estimating them on the bases of error-full variables, in terms of bias, 
efficiency, and meaning of the results, will be recommended at the end of this study. 
Subgroup’s Heterogeneity 
The analyses assume no heterogeneity in school input effects. Sensitivity analyses are 
suggested based on performing the analysis for population subgroups to confirm this assumption, 
as explained in Chapter VIII. 
Attrition and Missing Data 
Random attrition and completely at random missingness would not affect our point 
estimates, but would have an impact on the standard errors associated with them (they would 
become larger). However, if students who left the sample had lower test scores or non-cognitive 
skills than students who remained in the sample
133
, then the coefficients associated with the 
determinants of performance would be biased. In Chapter VIII I will explore the suggestion of 
extensions for the analyses using multiple imputation for missing data.  
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 Or were different in other important ways, which is known as selective attrition. More mobile students are 
generally poorer performers, as documented by Hanushek, Kain, and Rivkin (2004). These paper finds that student 






















4.1. Data source and sampling strategy 
The empirical analyses developed in this study draw upon the Early Childhood 
Longitudinal Study, Kindergarten Class of 1998-99 (ECLS-K hereafter). ECLS-K is a nationally 
representative longitudinal study conducted by the National Center for Education Statistics, U.S. 
Department of Education-Institute of Education Sciences
134
. This study includes information on 
children from kindergarten (1998-1999) through 8
th
 grade (2007). It contains (up to) 8 different 
observations for each child, according to the following calendar: fall and the spring of 
Kindergarten (1998-99), the fall and spring of 1
st
 grade (1999-2000), the spring of 3
rd
 grade 
(2002), the spring of 5
th
 grade (2004), and the spring of 8
th
 grade (2007). 21,409 children have 






data for at least one of the rounds of the ECLS-K
135
. The dataset in the first year followed a 
stratified design structure (Ready, 2010, p. 274), where the primary sampling units were 
geographic areas consisting of counties or groups of counties. About 1,000 schools were selected, 
and about 24 children per school were surveyed. Assessment of the children was evaluated by 
trained evaluators, while parents were surveyed over the telephone. Teachers and school 
administrators completed the questionnaires in their schools. 
 
4.2. Contents of the database 
ECLS-K contains information collected from students, parents, teachers and schools, for 
students attending both public and private schools, and full and part-day kindergarten programs 
in the base year. As explained by NCES
136
, the questionnaires gathered details on children’s 
cognitive, social, emotional and physical development, as well as home environment, home 
educational activities, school environment, classroom environment, classroom curriculum and 
teacher characteristics over time. This information can be used to study children’s “development 
and experiences in the elementary and middle school grades, as well as how children’s early 
experiences relate to their later development, learning, and experiences in school. The 
multifaceted data collected across the years allow researchers and policymakers to study how 
various child, home, classroom, school, and community factors at various points in children’s 
lives relate to cognitive, social, emotional, and physical development”. All these characteristics 
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 Table 4.1 shows the total surveyed students per round. 21,260 students were included in the first round of the 
study (Kindergarten Fall); 20,649 in the second round (Kindergarten Spring); 6,043 in the third round (1st Grade 
Fall, representing a random 30% subsample of the original sample); 17,487 in the fourth round (1
st
 Grade Spring); 
15,305 in the fifth round (3
rd
 Grade Spring); 11,820 in the sixth round (5th Grade Spring); and 9,725 students were 
included in the 2007 study, when they were in 8
th
 Grade (Spring). The sample of interest utilized in this study 
disregards 1,940 of these observations, due to the fact that the school identifier was not valid (homeschool, school 
identifier is missing, etc.). The second row of Table 4.1 shows the number of observations per round for the sample 
of interest.  
136




of the ECLS-K study provide an ideal database for empirically analyzing the research questions 
described in the Methodology chapter (Chapter III). 
 
4.3. Selection of variables 
This dissertation builds on the conceptual and statistical re-evaluation of the educational 
production function. The variables of interest for the empirical analysis are primarily classified 
into educational outcomes (outputs) and inputs.  In this section, I describe these variables as they 
are available in ECLS-K.  
 
4.3.1. Educational outcomes 
Educational outcomes variables are test scores and non-cognitive skills. I selected 
different ECLS-K measures of achievement in reading/English, mathematics and science 
(cognitive skills), and behavioral skills extracted from the teachers’ assessment of these skills 
and from the students’ self-description questionnaire (non-cognitive skills). Using these variables, 
I construct indices representing the cognitive and the non-cognitive skills variables. For most of 
them, I also construct the gains or value-added variables, between each two adjacent waves. The 
educational outcomes are: 
Cognitive achievement 
- IRT scale scores in English/reading and mathematics (names in analysis: cs_r, 
cs_m; variable type: continuous). These Item Response Theory scale scores
137
 measure 
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 The IRT scale scores are the overall, criterion-referenced measures of status at a point in time. They are useful in 
identifying cross-sectional differences among subgroups in overall achievement level and provide a summary 
measure of achievement useful for correlational analysis with status variables, such as demographics, school type, or 
behavioral measures. The IRT scale scores may be used as longitudinal measures of overall growth. However, gains 
made at different points on the scale have qualitatively different interpretations. For example, children who made 
gains in recognizing letters and letter sounds are learning very different skills than those who are making the jump 




children’s scores on the respective tests. According to the ECLS-K manual, “these scores 
can be compared regardless of test (second-stage test) a child takes. IRT uses the pattern 
of right, wrong and omitted responses to the items actually administered in an assessment 
and the difficulty, discriminating ability and “guess ability” of each item to place each 
child on a continuous ability scale. […] IRT procedures use the pattern of responses to 
estimate the probability of correct responses for all assessment questions. IRT makes 
possible longitudinal measurement of gain in achievement over time.” (see Manual 3-6)138. 
- Gain in reading and mathematics (names in analysis: Gcs_r, Gcs_m; variable type: 
continuous). Constructed as the score in round t minus the score in round t-1. Given the 
structure/sample design of the ECLS-K, the gain-variables do not represent learning 
improvements across equal number of grades, but gains between start and end of the 
academic year (K, Fall to K, Spring); one grade-level (K, Spring to 1
st
 grade, Spring) or 
two grade-levels (1
st
 grade, Spring to 3
rd
 grade, Spring or 3
rd




- IRT scale scores in science (names in analysis: cs_s; variable type: continuous): 
The scores constructed using the science assessment are only available between grades 3 
to 8. The IRT scale scores in general knowledge, which include basic natural science 
                                                                                                                                                                                           
Comparison of gain in scale score points is most meaningful for groups that started with similar initial statuses. 
(NCES). 
138
 ECLS-K provides us with standardized metrics of the cognitive variables. The Theta Scores provide norm-
referenced measurements of achievement. Standardized scores report children’s performance relative to their peers 
on the content domains (Manual, p. 3-6). “They represent status with respect to a peer group rather than with respect 
to a criterion set of items. They represent underlying ability, and are ideally suited for measuring growth from 
kindergarten through eighth grade”. (see Manual 3-8 and 3.9). The standardized scores (T-scores) are also overall 
measures of status at a point in time, but they are norm-referenced rather than criterion-referenced. They do not 
answer the question, “What skills do children have?” but rather “How do they compare with their peers?” The 
transformation to a familiar metric with a mean of 50 and standard deviation of 10 facilitates comparisons in 
standard deviation units. T-score means may be used longitudinally to illustrate the increase or decrease in gaps in 
achievement among subgroups over time. T-scores are not recommended for measuring individual gains over time. 
The IRT scale scores or proficiency probability scores are used for that purpose. (Manual, p. 3.20). Analyses using 




concepts as well as concepts in social studies, are available for grade-levels K and 1. Since 
the longitudinal scales for measuring gains are not available for all the grades, these scores 
will be used only to create the composite of cognitive skills measures, and not as an 




- Teachers’ perception140 of the child's internalizing problem behaviors (name in 
analysis: ncs_ti; variable type: scale): The internalizing problem behavior scale comprises 
four items that ask about the apparent presence of anxiety, loneliness, low self-esteem, and 
sadness. This variable is not available after the end of fifth grade. Reliability coefficients 
vary between 0.77 and 0.80. 
- Teachers’ perception of the child's externalizing problem behaviors (name in 
analysis: ncs_te; variable type: scale): Externalizing problem behaviors scale includes 
acting out behaviors. The kindergarten and first-grade forms have five items on this scale 
that rate the frequency with which a child argues, fights, gets angry, acts impulsively, and 
disturbs ongoing activities. To increase the variance on this scale, an item was added in 
third and fifth grade asking about the frequency with which a child talks during quiet 
study time. This variable is not available after the end of fifth grade. Reliability 
coefficients vary between 0.86 and 0.90. 
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 Note that the variables measuring the child’s non-cognitive achievement are not vertically scaled as the cognitive 
variables were. This study hypothesizes that, these skills may indirectly incorporate vertical scaling, implicit in the 
teachers’ rating, and that the teacher’s rating would reflect development over age (i.e., the score given by the teacher 
to a child who “acts impulsively” may be in accordance to whether that is tolerable at his/her age). Despite of this, 
this assumption is subjective, and difficult to test. Different teachers may have different subjective rating systems. 
As seen below, the scores show variability across grades, which would be eventually representing changes in the 
socio-emotional variables of the children. 
140
 Teachers completed social ratings for each student on self- control and interpersonal skills (Teachers Social 
Rating Scale-SRS). Items were rated on a scale of (1-never); (2-Sometimes); (3-Often); and (4-very often). From the 
chosen three scales, 2 suggest problem behaviors while “self-control” captures positive aspects of children’s 




- Teachers’ perception of the child's self-control (name in analysis: ncs_tsc; 
variable type: scale): The self-control scale included items on control of attention as well 
as control of emotions and behavior in interactions. The self-control scale (Teacher SRS) 
has four items that indicate the child’s ability to control behavior by respecting the 
property rights of others, controlling temper, accepting peer ideas for group activities, and 
responding appropriately to pressure from peers. This variable is not available after the 
end of fifth grade. Reliability coefficients vary between 0.79 and 0.80. 
- Students’ perception of internalizing problems (name in analysis: ncs_si; variable 
type: subscale): The internalizing behavior subscale includes eight items
141
 on 
internalizing problem behaviors such as feeling "sad a lot of the time", feeling lonely, 
feeling ashamed of mistakes, feeling frustrated and worrying about school and friendships 
(Manual, p. 2-6). This variable is only available after third grade. Reliability coefficients 
vary between 0.77 and 0.78. 
- Students’ perception of externalizing problems (name in analysis: ncs_se; 
variable type: subscale): This scale included eight items on externalizing problems such as 
fighting and arguing “with other kids,” talking, disturbing, anger and problems with 
distractibility (Manual, 2006, p. 2-5 and 3-41). This variable is only available for rounds 5 
and 6 (end of third and fifth grades). Reliability coefficients vary between 0.79 and 0.81. 
- Self-concept and locus of control (names in analysis: ncs_sc and ncs_sl; variable 
type: subscale): The self-concept and locus of control scales were adapted from the 
National Education Longitudinal Study of 1988. The self-concept scale comes from the 
Rosenberg Self-Esteem Scale (Rosenberg, 1965). These scales asked children about their 
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 Children rated whether each item was “not at all true,” “a little bit true,” “mostly true,” or “very true.” (see 




perceptions about themselves and the amount of control they had of their own life 
142
 
(Manual, p. 2-6). Higher scores mean more positive self-concept and perception of control 
over one’s life. These variables are only available in 8th grade, which limits its statistical 
usage to a single cross sectional estimate for the students in the highest grade. Reliability 
coefficients are 0.81 and 0.75 respectively. 
- Gain in non-cognitive skills (names in analysis: Gncs_ti, Gncs_te, and Gncs_tsc; 
variable type: continuous): These variables are constructed as the score in round t minus 
the score in round t-1. Note that for the self-reported variables, there are only two 
observations per student available.  
Cognitive and Non-Cognitive Indices
143
 
- Cognitive skills composite (restricted): (name in analysis: cs_c; variable type: 
continuous). This index is constructed using the by grade level-standardized variables for 
achievement in reading and mathematics for each student (see Table 4.2 for the scale 
reliability coefficients by grade level). It is defined between waves 1 to 6. 
- Cognitive skills composite for all grades (comprehensive): (names in analysis: 
cs_c_all; variable type: continuous): This index is constructed using the by grade level-
standardized variables for achievement in reading, mathematics and science/general (see 
Table 4.2 for the scale reliability coefficients by grade level). It is defined between waves 
1 to 7. 
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 For each item, children rated whether they strongly agree, agree, disagree or strongly disagree with each item. 
143
 The composite indices are constructed using the original distribution of students and the analytical sample by 
grade. The first strategy better represents the initial distribution of students across the achievement distributions. The 
second strategy provides a more realistic variation in the scales of the students who are ultimately examined in the 
different analyses developed in this study. An extension using the scores resulting from the second strategy (the 
standardization is produced using the relative distribution of students in the analytical sample, disregarding the 




- Non-cognitive skills composite (restricted): (names in analysis: ncs_c; variable 
type: continuous). This index is constructed using the by grade level-standardized 
variables for scores in teacher’s reported externalizing behavioral problems, internalizing 
behavioral problems and self-control. The first two items of the composite were reversed, 
so that an increase in the scale represents a more positive evaluation (or fewer problems) 
in terms of the non-cognitive skills for the student (see Table 4.2 for the scale reliability 
coefficients by grade level). It is defined between waves 1 to 6.
144
 
- Non-cognitive skills composite for all grades (comprehensive): (names in analysis: 
ncs_c_all; variable type: continuous). Constructed using the standardized variables by 
grade level for scores in students and teacher’s reported externalizing behavioral problems, 
internalizing behavioral problems, teacher’s reported self-control, and the student’s 
reported locus of control and self-concept. The items representing “problems” were 
reversed, so that an increase in the scale represents a more positive evaluation in terms of 
the non-cognitive skills for the student. This variable is problematic in the sense that it is 
not built using the same number of items across grades. In particular, it uses the 
information from teachers’ reported variables between K and 1st grade (ncs_te, ncs_ti and 
ncs_tsc); the teachers’ reported variables and the students’ self-reported variables in 3rd 
and 5
th
 grades (ncs_te, ncs_ti, ncs_tsc, ncs_se and ncs_si); and a combination of self-
reported variables in 8
th
 grade (ncs_si, ncs_sc, and ncs_sl). Despite this limitation, the 
parameters assessing the internal consistency of the composite were good, supporting the 
utilization of this index for the empirical analyses. Also, this index offers some interesting 
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 A “behavior score” equivalent to this “non-cognitive skills index” is constructed by Loeb, Bridges, Bassok, 
Fuller, and Rumberger (2007). They use factor analysis techniques to construct this score, whose Cronbach’s alpha 
was 0.87 (see p. 56). A similar index is also used by Claessens, Duncan, and Engel (2009), who also constructed a 




empirical information that will be exploited using the simultaneous equations model 
across all the waves (see Table 4.2 for the scale reliability coefficients by grade level). 
 
Table 4.3 summarizes the availability of the different educational outcomes across the 
waves of the study. The number of observations refers to the sample with students in the regular 
schooling stream. 
 
4.3.2. Educational inputs 
Educational inputs are classified into individual and family environment, characteristics 
of schools and teachers, and district or community factors
145
.  
School and teacher characteristics are the variables of highest interest for the empirical 
analyses. As explained before, this is partially due to the interest of this research in studying how 
school resources can contribute to improving performance of all the students, beyond what 
personal factors can explain. However, as the empirical literature has noted (Hanushek, 1986 and 
1989) these variables are weakly related to student achievement –specially the school variables-. 
In addition to this, the available indicators are minimal in this data set, and do not coincide with 
other strong teacher variables that have been found to be important for student achievement 
(teacher undergraduate institution quality, teacher test scores, etc.) and whose association with 
cognitive and non-cognitive outcomes I would like to examine.  
Individual and family environment 
- Gender (name in analysis: girl; variable type: dummy): Variable indicating 
whether the student is a girl (1) or a boy (0). 
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- Ethnicity (names in analysis: White, Black, Hispanic, Asian, other ethnicities; 
variables type: dummy):Variable indicating the race/ethnicity of the student. 
- Age of student (name in analysis: age; variable type: continuous). Age of the 
student calculated in months when month and year of birth were available. 
- Enrolled in grade below that expected for age (name in analysis: belowgrade; 
variable type: dummy): This variable combines the information from variables grade-level 
and wave. It determines whether the student is below the expected grade level at every 
wave, indicating that he was retained and may be overage for the grade.  
- Student changed school between waves (name in analysis: schchange; variable 
type: dummy): This variable indicates whether the student changed schools between 
rounds (1: did change school, 0: did not change). 
- Disability (name in analysis: disab; variable type: dummy): Variable indicating 
whether a child had a disability diagnosed by a professional (composite variable). 
Questions in the parents’ interview about disabilities asked about the child’s ability to pay 
attention and learn, overall activity level, overall behavior and relations to adults, overall 
emotional behavior such as anxiety or depression, ability to communicate, difficulty in 
hearing and understanding speech, and eyesight (yes (1), no (0)) (Manual, p.7-17
146
). This 
question was not included in the second round of the study. I generate a variable for the 
analysis that extends the value for disability in wave 1 to wave 2
147
. 
- Language at home is not English (name in analysis: noenglish; variable type: 
dummy): Variable indicating whether the student’s language at home is different from 
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 Eyesight problems were included in the composite disability variable for the last two waves. 
147
 This change allows me to include observations in wave 2 in all the analyses, but dismisses the fact that a student 




English (yes (1), no (0)). This variable proxies immigration origin of the families, 
incorporating one important factor such as the knowledge of the language that is important 
for the purposes of academic performance
148
.   
- Family size (name in analysis: famsize; variable type: continuous): Variable 
measuring number of members in the household. 
- Household composition (names in analysis: famtypen_d1/2; variable type: 
dummy): Variables indicating whether the child is living with two parents, or with one 
parent or other family structure (yes (1), no (0)). 
- Socioeconomic status (names in analysis: ses; variable type: continuous): The 
SES is a composite variable reflecting the socioeconomic status of the household at the 
time of data collection. SES was created using components such as father/male guardian’s 
education and occupation; mother/female guardian’s education and occupation; and 
household income. 5 SES quintiles dummies are also available (see Manual, p. 7-23 to 7-
30) 
School characteristics 
- Type of school: (names in analysis: public, catholic and privatenc –non-catholic-; 
variable type: dummy): Variable indicating whether the child is attending public (1) 
versus private schooling (0) or other type of schooling (0). Another classification of 
schools allows us to distinguish between public schools, Catholic schools and other 
private schools (religious other than Catholic and non-religious).  
- Enrollment (names in analysis: schlsized1/d5; variable type: dummy). 0 - 149 
(d1), 150 - 299 (d2), 300 - 499 (d3), 500 - 749 (d4), and 750 more (d5): School size 
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 Knowledge of English can be a better proxy for immigration’s impacts on students’ achievement  than legal 








- Instructional level (names in analysis: instleveld1/d2; variable type: dummy): 
Variable indicating whether the school is an elementary school (or lower) or combined 
school. 
- Class size (name in analysis: clsize; variable type: interval): This variable 
measures class size. In grade 5 (and 8) it is constructed as the average of class sizes 
reported by the reading, math and sciences teachers. In order to exploit the potential non-
linearities, I recode this variable following Ready and Lee’s (2006) classification of small 
class (less or equal than 17); medium class (18 to 24); and large (25 or more students). 
The names of these variables are clsize_s, clsize_m, and clsize_l. 
- Percentage of minority students (names in analysis: minority_d1/5; variable type: 
dummy): These variables indicate whether the percentage of minority students is less 10%, 
10% to 25%, 25% to 50%, 50% to 75% or more 75% (yes (1), no (0))
150
. 
- Location of the school (names in analysis: urban_d1/3 and cregion_d1/4; variable 
type: dummy): School located in a city, suburb-large town or rural-small town, and in 
census regions northeast, midwest, south, or west.
151
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 One possibility used in the literature is to recode this variable into 3 dummies according to the following 
classification: Small school: 0-299; Medium school: 300-749; and Large school: 750 and more (a similar criterion is 
used by Ready and Lee (2006), but the classifications do not purely match with this presentation). The names of 
these variables are schlsize_s, schlsize_m, and schlsize_l. 
150
 This variable was not coded for the first round in the study. However, it is reasonable to assume that the racial 
composition of the students in the school would remain unaltered between Fall and Spring while the students were 
in Kindergarten. Also, Ready and Lee (2006) use the continuous percentage of minorities to create an indicator of 
high percentage of minority students if the school has at least 33% of non-white, non-asian students).  
151
 This variable is not coded in the first two waves of the study. As an approximation, I create a variable equal to 
the location of the school in 1
st
 grade if the students did not switch schools between those grades. This 
approximation underrepresents students who did switch schools between those grades, but helps to maintain the 




- Mean school socioeconomic status (names in analysis: meanses; variable type: 
continuous): Indicates the mean socioeconomic status index for students within the same 
school, for each round.  
Teachers’ characteristics152 
- Teacher’s experience (names in analysis: tchexp_r and tchexp_m; variable type: 
interval).: Years of experience as a teacher. For rounds 1 and 2, I recode the years of 
experience beyond 35 equal to 35, to maintain the scale used in later rounds. In order to 
explore non-linearities in teachers’ experience effects I use teacher’s experience to the 
square to capture the potential non-constant effect of teacher’s experience at different 
values of that experience. 
- Teacher’s education: (names in analysis: tcheduc_d_r and tcheduc_d_m; variable 
type: dummy): One dummy for each teacher, indicating whether his educational 
attainment is beyond MA degree or lower (BA degree or lower, some graduate studies, 
versus MA degree or Professional diploma or Doctorate (yes (1), no (0))). 
- Types of teaching certification (names in analysis: tchcert_r and tchcert_m; 
variable type: dummy): Teachers’ type of certificate, indicating whether the teacher’s 
certification is regular or highest (1) versus others (no certification, temporary/probational, 
or alternative, (0)). 
Prescores 
- Prescores in reading and mathematics (names in analysis: Lprecs1_r/m; variable 
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- Prescores in teachers’ reported internalizing problems and externalizing problems, 
and self-control (names in analysis: Lprencs1_ti, Lprencs1_te, Lprencs1_tsc; variable type: 
scale): Calculated as the lagged value of the teachers’ perception of child's internalizing 
and externalizing problem behaviors scale.  
- Prescores in the composite variables (names in analysis: Lpre1cs_c, Lpre1cs_all, 
Lpre1ncs_c, Lpre1ncs_all, and Lprencs1_te; variable type: standardized scale or index): 
Calculated as the lagged value of the teachers’ perception of child's internalizing and 
externalizing problem behaviors scale. 
Other educational inputs: Parents’ perception on child’s behavior, teachers’ 
assessment of the child’s cognitive abilities and competency: 
- Parental expectations of student ultimate educational attainment (names in 
analysis: pexpectdegree; variable type: ordinal): The categories indicate: to receive less 
than a high school diploma (1), to graduate from high school (2), to attend two or more 
years of college (3),  to finish a four- or five-year college degree (4), to earn a master's 
degree or equivalent (5), and to finish a ph.d., md, or other advanced degree (6). The 
lagged value of this variable is used in the estimation of an SEM with a wider range of 
instruments (Chapter VII). 
- Teachers’ assessment of the child’s cognitive skills in reading and mathematics 
(names in analysis: arsscl_r, arsscl_m, and ars_c; variable type: subscale), and its 
composite (ars_c): The values for the original variables indicated “outstanding (5)”, “very 
good (4)”, “good (3)”, “fair (2)”, or “poor (1)”, according to teachers’ rating of children on 
his or her skills in areas relevant to the subject taught (see Manual, p. 3.28). They are not 
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comparable across grades (see Manual, p. 3-4). The lagged values of these variables 
(L1arsscl_r, L1arsscl_m and L1arscl_c) are used in the estimation of an SEM with a wider 
range of instruments (Chapter VII). 
Sampling Weights 
ECLS-K provides several types of sampling weights, mainly depending on the level 
of analysis (child, teacher, or school (only child-level after base year); the rounds of data 
(cross-sectional or longitudinal); and the sources of data (child assessment, parent interview, 
and/or teacher questionnaires). The proposed analyses primarily use child level data. The 
empirical analyses do not use the survey’s weights154. The descriptive statistics are weighted 
using the cross-sectional weights.  
 
4.4. Sample selection: attrition, missingness and final sample size 
4.4.1. Populations of interest for the different analyses 
As outlined in the previous chapter, this dissertation undertakes the study of different 
models, whose estimation would initially involve the utilization of different analytical samples. 
Two goals are pursued when determining them: to preserve the maximum information available 
–at a cost of losing comparability across estimates-; and to generate a common sample –at a cost 
of disregarding observations- when comparing the results from diverse estimation strategies. 
Since this dissertation focuses on examining the importance of school associations and 
effects in the production of educational outcomes, I remove observations for students whose 
school’s identifier indicated alternative school regimes outside of the standard school regime 
                                                          
154
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. In addition to this, as other empirical work based on ECLS-K, I 
disregard information based on round 3, which is a common decision made by applied 
researchers using the ECLS-K’s longitudinal information, to preserve sample size. Initial sample 
size or initial number of interviewed students is 21,260 students. Table 4.1 shows the number of 
students assessed in each of the waves (students with a valid school identifier, see row 2).  
The cross-sectional estimates in Chapters V, VI and VII (cross sectional OLS and SEM 
models) are estimated using the information on students with no missing data in all the variables 
in the specifications
156
. The longitudinal analyses (also in Chapters V, VI and VII) are estimated 
using the combination of cross-sections, or pooling the cross-sectional waves, using the 
information on the students who are present in the study in a longitudinal manner. The central 
sections in these chapters use a common sample for all in which observations with no missing 
information in the cognitive and non-cognitive skills indices and the educational inputs are 
analyzed (more details will be provided in each chapter to clearly identify the analytical sample). 
 
4.4.2. Analytical samples: attrition and missing data 
The final samples for the analysis are determined after accounting for two main sources 
of non-response, which are attrition and missing data or individual variables’ lack of response.  
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 In earlier stages, I considered another sample that consisted of eliminating students who moved between schools 
in the year prior to the assessment. The idea was to increase credit for teachers’ assessments and to avoid conflating 
effects of a student being new to the school. However, this strategy came at the cost of eliminating part of the school 
variation and was finally disregarded. 
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 Despite the fact that this analytical sample preserves the maximum number observations available in each grade-
level, the interpretation of the estimates affects a different set of students in each of the situations and makes 
difficult to disentangle what portion of changes is due to the estimation method and what portion is due to 
composition of the sample in each cross-section. However, selecting students who are observed over all the waves 
would significantly reduce the sample, and artificially disregarding some observations that would be perfectly 
utilizable in the analysis. In addition to efficiency concerns, this would eventually introduce another source of bias 




Attrition affects longitudinal studies when individuals who were selected to participate in 
the study are not continuously assessed over time. Thus, longitudinal studies are subject to 
variations in the sample size and surveyed students. In addition to this, selective or non-random 
sample attrition affects the external validity of the sample and our ability to extrapolate results to 
the represented population. It is also consequential in terms of selection bias that may affect the 
estimates. In the ECLS-K study, the sample design was such that the surveyed population was 
representative of the American student population in Kindergarten in 1998-1999. However, in 
subsequent years, the ability to extrapolate any empirical findings to the targeted population has 
been seriously affected by attrition. The sampled population is not representative of the targeted 
population after first grade.  
According to Table 4.1, the number of students assessed across the waves varies between 
20,610 observations available in Kindergarten and 9,434 students assessed in 8
th
 grade. Table 4.4 
highlights the attrition and replacement (new observations) of the dataset, by showing the first 
and last rounds in which students were observed. While only 518 students dropped out from the 
dataset after the first assessment, about 3,400 dropped out between Kindergarten and 1
st
 grade, 









grades; and 2,300 more students were not assessed in 8
th
 grade. Meanwhile, Table 4.5 shows that 
longitudinal estimates would use a maximum of 8,758 students over 6 waves; 11,333 students 
over 5 rounds; 14,609 over 4 rounds; 17,338 over 3 grades; and 20,859 students with 
observations during two of the assessed rounds.  
Missing data is the result of students’, schools’, and teachers’ lack of effective response 
even though they were surveyed. Individuals assessed over the different waves failed to provide 




missing is not completely random may also hinder our ability to understand and explain the 
relationships of interest. In this regard, missing data may also introduce biases in the results and 
interpretations of the empirical analyses, as well as affecting the efficiency and increasing the 
uncertainty associated with the point estimates. 
Table 4.6 shows the missing data rates at the individual level for the selected variables 
per round for the cross sectional and the pooled sample (from rounds 2 to 6). Individual missing 
data for educational outcomes varies between 2 and 8%. Other variables are also affected by 
missing values. Individual characteristics are almost non-missing (gender, race and age of 
students), except for the disability of the student (8.1%). Family characteristics are missing for 
between 5.4 and 6.8% of the observations. Missing data affects information on teachers to a 
greater extent than information on school characteristics. About 9.5% of observations are 
missing some teachers’ information. Most of the characteristics of the school are reported, except 
for class size (which is missing for 10.7% of the individual-level observations).  
After attrition and selection of complete cases (listwise deletion strategy) are considered, 
the common sample for Chapters V, VI and VII, which build on the specifications using the 
cognitive and non-cognitive skills indices, is of 36,122 observations
157
 (total number of 
observations, pooling the observations over time for students). Due to missingness 43.2% of the 
observations were finally dropped from the analytical sample
158
. 
                                                          
157
 This is the analytical sample used in Sections 5.3, 6.3, 7.4.2, and 7.5, in which the restricted cognitive and non-
cognitive indices are used. When analyzing individual components in the indices, the analytical sample slightly 
changes. 
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 External validity and efficiency of the empirical findings would be compromised if the characteristics of the 
observed students were different from the characteristics of students who dropped out from the study or miss-
reported the necessary information, in terms of observable or unobservable characteristics. As noticed before, the 
ECLS-K population is not representative of the population of interest (the US student population in Kindergarten in 
1998-1999) after grade 1 due to attrition, and this is an obstacle to utilize the findings from these analyses and rely 
on their external validity and efficiency. Professor Rivera-Batiz called to my attention the possibility of performing 
sample selection bias correction to the sample(s) used in this research. A probability model of the determinants of 




4.5. Descriptive frequencies  
Descriptive frequencies of the analytical sample 
This section shows the descriptive statistics for the selected variables from ECLS-K 
defined in section 4.3. The descriptive statistics for each variable across rounds are presented for 
the unweighted and weighted-cross sections and the longitudinal sample. Descriptive statistics 
are presented for the cross-sections 2 to 6 (grade levels K to 5
th
) and the common sample is 
composed of students in rounds 2 to 6. 
Table 4.7 shows the weighted descriptive statistics by round for the variables used in the 
different empirical analyses. The average and standard deviation of the principal educational 
outcomes –the cognitive and non-cognitive skills- are close to 0 and 1, from the standardization 
process by grade-level. Average achievement in reading varies from 47 to 151 points across the 
grade levels, and in mathematics between 37 and 123 points. The averages for the internalizing 
and externalizing behavioral problems vary between 1.6 and 1.7. The self-control’ average is 
close to 3.2 points. The averages do not show a clear tendency across the waves or grades.  
Approximately, half of the students in the sample are girls and half boys. More than 60% 
of the students are white; between 11.6 and 14% are black; the proportion of Hispanic students is 
between 15 and 16.8%; 2% of the students are Asian; and 4-5% belong to other ethnic groups. In 
the earlier waves, almost no students are in a grade below the one that corresponds to their age. 
However, the proportion of students who are in a grade below their age-level grade is 8% in 3
rd
 
grade and 13% in 5
th
 grade. Almost 10% of the students speak a language at home that is not 
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implementing multiple imputation techniques as a way of fixing the non-random missingness problem in 




English. On average, more than 75% of the students live with their two parents, in a household of 
more than 4 people.  
More than 85% of the students are enrolled in public schools. The proportion of students 
in Catholic and private non-Catholic schools varies between 6-8% and 6-7% respectively. More 
than half of the students are enrolled in schools with between 300 and 750 students. The fraction 
of students in combined schools
159
 increases from 19 to 24% over the grades. In terms of the 
proportion of students in small size classes, it decreases from 20 to less than 15%. The same 
tendency is observed for students in medium size classes. Contrarily, the proportion of students 
in large size classes (more than 25 students per class) increases from 17 to almost 36%. More 
than half of the students are in schools where the proportion of minority students is between 10 
to 25%. The proportion of students in more segregated schools is evenly distributed (with nearly 
18% of students in schools with a student body composed primarily of minority students).  
Regarding teacher characteristics, teachers have, on average, 14-15 years of experience. 
The percentage of teachers with an MA degree or higher increases across the grade-levels. For 
instance, the percentage increases from 36.5 to near 46% for Math teachers in the last wave. The 
great majority of teachers (about 90%) have a high or regular type of certificate.  
The descriptive statistics presented for the longitudinal sample (Tables 4.8 and 4.9) are 
the averages of the previous grade level statistics. These tables also contain the minimum and 
maximum values that each variable takes in the pooled dataset.  
Some correlations of interest 
Table 4.10 shows some of the correlations between the cognitive and non-cognitive skills 
indices and their components. The correlations are calculated using the common sample (rounds 
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2 to 6), keeping in mind that some of the educational outcomes are not available for some of the 
waves
160
. In bold, I highlighted some correlations that are interesting to mention. First of all, the 
correlation between the cognitive and the non-cognitive indices is equal to 0.271. The correlation 
between the components of both indices are much lower, specially between reading and math 
achievement and the teachers’ reported externalizing and internalizing behavioral problems 
(below 0.1 in absolute terms; the sign is negative because these variables are measured in a way 
that the higher the values of the items, the higher the problems in the students, while the 
constructed indices represent more positive attitudes for higher values of the indices). The 
correlations between achievement in math and reading and the self-reported internalizing and 
externalizing behavioral problems are more intense: between -0.30 and -0.37. The negative sign 
suggests that if the behavioral problems are higher or more severe, achievement in math and 
reading are lower, and vice versa.  
The table also shows the correlations between teachers’ reported behavioral skills and 
student’s reported skills are as follows: the correlation between teachers and students’ assessed 
externalizing behavioral problems is 0.368. However, the correlation between teachers’ and 
students’ assessed externalizing behavioral problems is just 0.168. These values indicates that the 
perception that teachers and students have of these types of behavioral problems are not perfectly 
correlated, or are different. Although, to some extent, the students’ and teachers’ indices are 
meant to measure the same personality traits, these correlations are suggestive of different 
perceptions on the meaning of these personality characteristics. One interpretation is that the 
assessment of teachers of the students’ behavior is based on elements that the students don’t take 
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into consideration in the same way, or that the scores given to the different components of the 
indices are different for students and teachers.  
If we look at the correlation between the students’ reported externalizing and 
internalizing behavioral problems, these variables are highly correlated (0.60). The variables 
representing the students’ perception of their behavior are negatively correlated with the teachers’ 
assessment of the students’ cognitive skills, with coefficients between -0.28 and -0.30 (see more 
details corresponding to the correlations between this variable and others in the next paragraph). 
In other words, an increase in the teacher’s perception of the student’s cognitive performance is 
associated with a decrease in the behavioral problems reported by the student (and vice versa). 
Without implying any causation, this can be interpreted as the students being sensitive to the 
teachers’ rating of their ability to learn, which may eventually negatively affect their perception 
of their behavior. If teachers rate the students’ ability to learn positively, the students would 
report less behavioral problems, while if teachers perceive the cognitive abilities of the students 
are low, the students would report having more behavioral problems. 
Finally, as already mentioned, the table also includes the correlation between the teachers’ 
assessment of the students’ cognitive skills and the educational outcomes (last row). We notice 
that the correlation between the cognitive skills index and this variable is the largest in the table 
(0.65). Interestingly, the correlation between this variable and the non-cognitive skills index is 
also very high: 0.35, even higher than the correlation between the cognitive and the non-
cognitive skills (0.27). Similarly, the correlations of the teachers’ assessment of the students’ 
cognitive skills and the components of the non-cognitive skills index are significant: -0.23, -0.29 
and -.314 with the teachers’ reported externalizing, internalizing behavioral problems, and self-




correlation coefficients are almost as high as those calculated for the correlation of the ars_c 
variable and the components of the cognitive index (achievement in reading and mathematics: 
0.28). This variable may indicate that the assessments of teachers about students’ behavior and 
abilities are highly connected. A more in-depth understanding about the elements that the 
teachers have in mind when assessing the behavioral development of the students would be 
needed in order to interpret the teachers’ assessments’ of students’ behavior. 
The distribution of the cognitive and non-cognitive skills indices, and their gains 
The last statistical information offered in this section refers to the distribution of some of 
the variables that are used as dependent variables in the analyses, and also as the endogenous 
variables in Chapter VII. The cognitive skills distributions (Figure 4.1) are positively skewed at 
the earliest grade-levels, but the skewness is reversed in the last wave available (fifth grade). In 
Figure 4.2, the distributions of the non-cognitive skills suggest that there is a higher 
concentration of values for the variable on the right side of the distribution, ie, on the values 
indicating good non-cognitive skills. This fact is observed in all grade-levels.  
The gains in cognitive skills, in Figure 4.3, show relatively normal distributions for value 
added. The same distribution is observed for the gains in the non-cognitive skills, in Figure 4.4. 
The dispersion of the gains or value added is wider for the non-cognitive skills index than for the 
cognitive skills-index. The variations represented in these figures are exploited in the statistical 





4.6. The focus on school level variables and ECLS-K’s non-cognitive variables: Final 
considerations regarding the dataset 
Two final comments regarding the empirical information used in the study are important 
to note.  
The reason that this study assigns a major role to the school level variables is that from 
the perspective of policy-making, the characteristics of the school can be manipulated, while the 
individual level characteristics (most of them) cannot be manipulated. However, if there were 
some associations between the individual fixed characteristics and school level characteristics 
(sorting of students, etc.), then compensating for some school level input differences could 
actually end up compensating for some deficits associated to particular individual level variables. 
In other words, from the perspective of educational policy, giving one example, if a negative 
association between being economically disadvantaged and cognitive performance is 
documented and mediated by the fact that disadvantaged students attend highly segregated 
schools and are taught by inexperienced teachers, the solution would be to modify these school 
and teacher inputs, rather than attacking their poverty status, at least at the first stage. 
161
 
ECLS-K provides a useful set of teacher and school variables that represent this type of 
educational inputs. These variables do not include significant variables for the production of 
education such as interrelationships between students and teachers and schools (organization of 
classes, school climate, personal relationships between student and other school members, etc.) 
or exact characteristics of the instruction.
162
 As noted earlier
163
, the school and teacher 
characteristics included in ECLS-K may not completely represent some of the school and teacher 
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 See Levin (1980). 
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factors that have the highest associations with achievement, such as the quality of instruction, 
curriculum goals (e.g. achievement versus non-cognitive goals), and the quality of materials and 
texts and instructional materials, among other variables, which is a limitation of this study, and 
the result of a tradeoff between this circumstance and the possibility to develop the proposed 
statistical approach. 
Finally, an assessment on the comparison between the ECLS-K non-cognitive outcomes 
within a general classification of personality characteristics would allow us to place this study in 
a broader setting and make some references to the existing literature in the field. For that purpose, 
Table 4.11 compares the non-cognitive indicators in ECLS-K with the “Big Five” constructs of 
personality. The literature on this topic has reached agreement on the importance of these five 
independent common factors to summarize and categorize effectively a myriad of personality 
characteristics of traits of individuals (for more information on this classification, see Section 
2.4.2).  
Table 4.11 presents the Big Five Factors and two definitions of each factor, provided by 
Levin (2012) and Almlund et al (2011). The fourth column provides a list of the main traits or 
facets that each factor represents. Finally, the last column contains the overlap between the 
ECLS-K non-cognitive indicators (according to the items they are based on) that were selected 
for this study and the Big Five Factors.  
The most important caveats that remain with respect to this list are the lack of 
representativeness of ECLS-K measures of the “Openness to experience” and “Agreeableness” 
Factors.
164
 Finally, as already mentioned, the absence of motivation –which was already a 
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limitation of this psychological structural representation of individual non-cognitive skills-may 






3-Table 4.1 Study sample size, by grade level and wave (or testing period) 
Wave 1 2 3 4 5 6 7 
Grade-level, semester KF KS 1F 1S 3S 5S 8S 
N- Original sample 21,260 20,649 6,043 17,487 15,305 11,820 9,725 
N-Valid School ID  
(Full sample) 
21,260 20,610 (*) 16,966 14,639 11,397 9,434 
1: Kindergarten Fall; 2: Kindergarten Spring; 3: 1st Grade Fall; 4: 1st Grade Spring; 5: 3rd Grade Spring; 6: 5th 
Grade Spring; 7: 8th Grade Spring.  (*): Third wave’s information is not used in this analysis. 
 
 
4-Table 4.2 Scale reliability coefficient by grade level (wave). 
Round Grade Cognitive skills (cs) 
 










1 KF 0.8374 0.8265 
 
0.6775 0.6775 
2 KS 0.8088 0.8148 
 
0.7110 0.7110 
4 1S 0.7984 0.8262 
 
0.7102 0.7102 
5 3S 0.8439 0.8890 
 
0.7159 0.7217 
6 5S 0.8455 0.8979 
 
0.7153 0.7196 




Cs_c_all: Cognitive-skills index, comprehensive (using by-grade standardized reading, mathematics and science 
scores) 
Cs_c: Cognitive-skills index, restricted (using by-grade standardized reading and mathematics scores) 
Ncs_c_all: Non-cognitive-skills index, comprehensive (using by-grade teacher’s and student’s perception of 
externalizing behavioral problems and internalizing behavioral problems, teacher’s reported self-control, and the 
student’s reported locus of control and self-concept) 
Ncs_c: Non-cognitive-skills index, restricted (using by-grade standardized teacher’s perception of externalizing 







5-Table 4.3 Number of observations per educational outcome, by grade (wave). 
Wave   1 2 4 5 6 7 














IRT Scale Scores-R cs_r 17,622 18,884 16,280 14,241 11,241 9,192 
IRT Scale Scores-M cs_m 18,636 19,595 16,575 14,335 11,251 9,252 
IRT Scale Scores-S cs_s 17,564 18,850 16,269 14,311 11,246 9,271 
Non-cognitive skills 
Externalizing problems-teachers ncs_te 18,951 19,073 14,945 11,721 10,721 - 
Internalizing problems-teachers ncs_ti 18,696 18,967 14,860 11,621 10,603 - 
Self-control-teachers ncs_tsc 18,461 19,007 14,921 11,633 10,677 - 
Externalizing problems-students ncs_se - - - 14,352 11,259 - 
Internalizing problems-students ncs_si - - - 14,352 11,259 9,216 
Self-concept-students ncs_sc - - - - - 9,205 
Locus of control-students ncs_sl - - - - - 9,196 
Scales (components) 
Cognitive skills index 
(restricted) 
cs_c (cs_r,m) 18,663 19,612 16,577 14,352 11,259 9,265 
Cognitive skills index 
(comprehensive) 
cs_c_all (cs_r,m,s) 18,664 19,612 16,577 14,355 11,259 9,274 
Non-cognitive skills index 
(restricted) 
ncs_c (ncs_te,ti,tsc) 19,170 19,140 15,039 11,746 10,786 - 




19,170 19,140 15,039 14,442 11,348 9,216 
 
6-Table 4.4 Students per wave. Sample with valid school identifier 
Wave Grade Replacement in round (+) Attrition in round (-) 
1 KF 21,260 518 
2 KS - 3,439 
4 1S 139 2,506 
5 3S 10 3,182 
6 5S - 2,330 
7 8S - (9,434) 
    Total (in at least 1 round) 21,409 21,409 







7-Table 4.5 Number of students in longitudinal analyses covering different waves. Sample with 
valid school identifier 
Number of times in study Number of students % total students 
6 8,758 40.9 
5 11,333 52.9 
4 14,609 62.8 
3 17,338 81.0 








8-Table 4.5 Numbers and rates of missing data for each variable, by grade, and for the pooled waves 2 to 6 










Waves 2 to 6 
 
  
N % N % N % N % N % N %
Cognitive and non-cognitive skills 
            IRT Scale Scores-R cs_r 1726 1.8 686 0.7 398 0.4 156 0.2 242 0.3 2966 3.1 
IRT Scale Scores-M cs_m 1015 1.1 391 0.4 304 0.3 146 0.2 182 0.2 1856 2 
Internalizing problems-teachers ncs_ti 1643 1.7 2106 2.2 3018 3.2 794 0.8 9434 10 7561 8 
Externalizing problems-Teachers ncs_te 1537 1.6 2021 2.1 2918 3.1 676 0.7 9434 10 7152 7.6 
Self-control ncs_tsc 1603 1.7 2045 2.2 3006 3.2 720 0.8 9434 10 7374 7.8 
CS index (restricted) cs_c 998 1.1 389 0.4 287 0.3 138 0.1 169 0.2 1812 1.9 
NCS index (restricted) ncs_c 1470 1.6 1927 2 2893 3.1 611 0.6 9434 10 6901 7.3 
CS index (comprehensive) cs_c_all 998 1.1 389 0.4 284 0.3 138 0.1 160 0.2 1809 1.9 
NCS index (comprehensive) ncs_c_all 1470 1.6 1927 2 197 0.2 49 0.1 218 0.2 3643 3.9 
Student characteristics              
Girl girl 13 0 11 0 0 0 0 0 0 0 24 0 
Race-White white 47 0 39 0 19 0 15 0 9 0 120 0.1 
Race-Black black 47 0 39 0 19 0 15 0 9 0 120 0.1 
Race-Hispanic hispanic 47 0 39 0 19 0 15 0 9 0 120 0.1 
Race-Asian asian 47 0 39 0 19 0 15 0 9 0 120 0.1 
Race-Others others 47 0 39 0 19 0 15 0 9 0 120 0.1 
Age of student age 18 0 14 0 2 0 1 0 1 0 35 0 
Below grade level belowgrade 0 0 0 0 0 0 0 0 0 0 0 0 
Disability  disab 3055 3.2 1827 1.9 1882 2 881 0.9 1062 1.1 7645 8.1 
Family characteristics 
             Child's language at home is not English noenglish 1155 1.2 875 0.9 728 0.8 526 0.6 368 0.4 3284 3.5 
Moved schools between years schchange 3675 3.9 270 0.3 366 0.4 127 0.1 367 0.4 4438 4.7 
Family size famsize 1962 2.1 1782 1.9 1813 1.9 824 0.9 912 1 6381 6.8 
Family type: 2 parents famtypen_d1 1962 2.1 1782 1.9 1813 1.9 824 0.9 912 1 6381 6.8 
Family type: 1 parent or other famtypen_d2 1962 2.1 1782 1.9 1813 1.9 824 0.9 912 1 6381 6.8 
Socioeconomic status ses 1022 1.1 1457 1.5 1813 1.9 824 0.9 912 1 5116 5.4 
School characteristics 
             Public School public 0 0 84 0.1 15 0 0 0 25 0 99 0.1 
Catholic School catholic 0 0 84 0.1 15 0 0 0 25 0 99 0.1 
Private School privatenc 0 0 84 0.1 15 0 0 0 25 0 99 0.1 
Enrollment: up to 149 schlsized1 169 0.2 262 0.3 132 0.1 186 0.2 623 0.7 749 0.8 






Enrollment: 300-499 schlsized3 169 0.2 262 0.3 132 0.1 186 0.2 623 0.7 749 0.8 
Enrollment: 500-749 schlsized4 169 0.2 262 0.3 132 0.1 186 0.2 623 0.7 749 0.8 
Enrollment >750 schlsized5 169 0.2 262 0.3 132 0.1 186 0.2 623 0.7 749 0.8 
Instructional level: up to elementary school instleveld1 101 0.1 180 0.2 54 0.1 15 0 0 0 350 0.4 
Instructional level: combined instleveld2 101 0.1 180 0.2 54 0.1 15 0 0 0 350 0.4 
Class size <17 clsize_s 3805 4 2835 3 2932 3.1 490 0.5 367 0.4 10062 10.7 
Class size 18-24 clsize_m 3805 4 2835 3 2932 3.1 490 0.5 367 0.4 10062 10.7 
Class size >25 clsize_l 3805 4 2835 3 2932 3.1 490 0.5 367 0.4 10062 10.7 
Percent. minority students: less 10% minority_d1 512 0.5 386 0.4 271 0.3 69 0.1 94 0.1 1238 1.3 
Percent. minority students: 10-25% minority_d2 512 0.5 386 0.4 271 0.3 69 0.1 94 0.1 1238 1.3 
Percent. minority students: 25-50% minority_d3 512 0.5 386 0.4 271 0.3 69 0.1 94 0.1 1238 1.3 
Percent. minority students: 50-75% minority_d4 512 0.5 386 0.4 271 0.3 69 0.1 94 0.1 1238 1.3 
Percent. minority students: more 75% minority_d5 512 0.5 386 0.4 271 0.3 69 0.1 94 0.1 1238 1.3 
Mean school ses meanses 101 0.1 149 0.2 305 0.3 106 0.1 229 0.2 661 0.7 
Teachers' characteristics 
             Experience –R tchexp_r 2415 2.6 2623 2.8 2968 3.1 584 0.6 450 0.5 8590 9.1 
Experience –M tchexp_m 2415 2.6 2623 2.8 2968 3.1 581 0.6 494 0.5 8587 9.1 
Education: MA degree or higher –R tcheduc_d_r 3388 3.6 2680 2.8 2994 3.2 675 0.7 464 0.5 9737 10.3 
Education: MA degree or higher –M tcheduc_d_m 3388 3.6 2680 2.8 2994 3.2 659 0.7 475 0.5 9721 10.3 
Type of certificate: Regular, Highest (1) 
None, regular, temporary/probational (0) tchcert_r 2181 2.3 2783 3 3027 3.2 973 1 503 0.5 8964 9.5 
Type of certificate: Regular, Highest (1) 
None, regular, temporary/probational (0) tchcert_m 2181 2.3 2783 3 3027 3.2 947 1 557 0.6 8938 9.5 
Pre-scores 
             Pre- IRT Score English Lprecs1_r 3505 3.7 1228 1.3 859 0.9 366 0.4 461 0.5 5958 6.3 
Pre- IRT Score Math Lprecs1_m 2535 2.7 635 0.7 598 0.6 303 0.3 454 0.5 4071 4.3 
Pre- Internalizing problems Lprencs1_ti 2498 2.6 1077 1.1 2048 2.2 2080 2.2 944 1 7703 8.2 
Pre- Externalizing problems Lprencs1_te 2261 2.4 995 1.1 1983 2.1 2005 2.1 861 0.9 7244 7.7 
Pre- Self-control problems Lprencs1_tsc 2732 2.9 1039 1.1 2009 2.1 2070 2.2 887 0.9 7850 8.3 
Pre- CS-Index (restricted) Lpre1cs_c 2510 2.7 621 0.7 597 0.6 291 0.3 448 0.5 4019 4.3 
Pre- NCS-Index (restricted) Lpre1ncs_c 2051 2.2 936 1 1904 2 1986 2.1 809 0.9 6877 7.3 
Pre- CS-Index (comprehensive) Lpre1cs_c_all 2509 2.7 621 0.7 597 0.6 289 0.3 448 0.5 4016 4.3 
Pre- NCS-Index (comprehensive) Lpre1ncs_c_all 2051 2.2 936 1 1904 2 219 0.2 383 0.4 5110 5.4 
Location 
             City urban_d1 5247 5.6 188 0.2 328 0.3 466 0.5 952 1 6229 6.6 
Suburb/large town urban_d2 5247 5.6 188 0.2 328 0.3 466 0.5 952 1 6229 6.6 
Rural/small town urban_d3 5247 5.6 188 0.2 328 0.3 466 0.5 952 1 6229 6.6 






Midwest cregion_d2 0 0 139 0.1 123 0.1 87 0.1 62 0.1 349 0.4 
South cregion_d3 0 0 139 0.1 123 0.1 87 0.1 62 0.1 349 0.4 
West cregion_d4 0 0 139 0.1 123 0.1 87 0.1 62 0.1 349 0.4 
Other variables (used in SEM) 
             Teachers' assessment of CS Index ars_c 4206 4.5 2367 2.5 3018 3.2 579 0.6 394 0.4 10170 10.8 
Pre- CS Index Lpre1ars_c 5628 6 933 1 2252 2.4 2079 2.2 788 0.8 10892 11.5 









9-Table 4.6 Descriptive statistics for selected variables unweighted), by wave 
Definition variable mean sd   mean sd   mean sd   mean sd 
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 Number of observations correspond to the number of observations in the specifications where the indices are utilized. Minor number of observations would be 
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Teachers' assessment of 
































10-Table 4.7 Descriptive statistics for selected variables (cross-sectional weights used), by wave 
Definition variable mean sd   mean sd   mean sd   mean sd 
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 Number of observations correspond to the number of observations in the specifications where the indices are utilized. Minor number of observations would be 

















































Child's language at home 







Moved schools between 





















Family type: 1 







































































Instructional level: up to 




































Percentage of minority 







Percentage of minority 







Percentage of minority 



















students: 50% to 75% 
Percentage of minority 





























Education: MA degree or 







Education: MA degree or 







Type of certificate: 
Regular, Highest (1) None, 
regular, 







Type of certificate: 
Regular, Highest (1) None, 
regular, 



































































































































Other variables (used in SEM) 
Teachers' assessment of 





























11-Table 4.8 Descriptive statistics for selected variables (unweighted), pooled dataset 
Definition variable mean sd N min max 
Wave  round     36122 2 6 
Cognitive and non-cognitive skills           
IRT Scale Scores English cs r 98.84 46.33 35616 22.35 203.2 
IRT Scale Scores Math cs m 78.44 38.29 36105 11.62 170.7 
Internalizing problems ncs ti 1.589 0.517 35755 1 4 
Externalizing problems ncs te 1.641 0.606 35965 1 4 
Self-control ncs tsc 3.216 0.606 35863 1 4 
CS-index (restricted) cs c 0.095 0.897 36122 -3.06 6.329 
NCS-index (restricted) ncs c 0.038 0.783 36122 -3.941 1.342 
CS-index (comprehensive) cs c all 0.104 0.852 36122 -2.853 4.9 
NCS-index 
(comprehensive) ncs c all 0.044 0.735 36122 -3.941 1.342 
Gain CS-index (restricted) G c cs 0.004 0.495 36122 -3.812 3.048 
Gain NCS-index 
(restricted) G c ncs -0.025 0.742 36122 -4.278 3.809 
Gain CS-index 
(comprehensive) G c all cs 0.004 0.416 36122 -2.955 2.205 
Gain NCS-index 
(comprehensive) G c all ncs -0.021 0.692 36122 -4.278 3.809 
Gain IRT Score English Gcs r 29.62 20.44 35160 -50.03 137.3 
Gain IRT Score Math Gcs m 24.43 15.09 36088 -48.1 95.42 
Gain Internalizing 
problems Gncs ti 0.035 0.584 35348 -2.75 3 
Gain Externalizing 
problems Gncs te 0.017 0.549 35793 -3 3 
Gain Self-control problems Gncs tsc 0.022 0.622 35412 -3 2.75 
Student Characteristics             
Girl girl 0.499 0.50 36122 0 1 
Race-White white 0.639 0.48 36122 0 1 
Race-Black black 0.113 0.317 36122 0 1 
Race-Hispanic hispanic 0.149 0.357 36122 0 1 
Race-Asian asian 0.045 0.206 36122 0 1 
Race-Others others 0.054 0.225 36122 0 1 
Age of student age 8.341 1.899 36122 5 12 
Below grade belowgrade 0.034 0.182 36122 0 1 
Disability  disab 0.177 0.381 36122 0 1 
Family characteristics             
Child's language at home 
is not English noenglish 0.108 0.31 36122 0 1 
Moved schools between 
years schchange 0.074 0.262 36122 0 1 
Family size famsize 4.544 1.324 36122 2 15 
Family type: 2 parents famtypen d1 0.789 0.408 36122 0 1 
Family type: 1 
parent/other famtypen d2 0.211 0.408 36122 0 1 
Socioeconomic status ses 0.055 0.79 36122 -4.75 2.88 
School characteristics             
Public School public 0.785 0.411 36122 0 1 
Catholic School catholic 0.138 0.345 36122 0 1 






elementary school (or 
lower) or combined school schlsized1 0.048 0.215 36122 0 1 
Enrollment 150-299 schlsized2 0.195 0.396 36122 0 1 
Enrollment 300-499 schlsized3 0.325 0.468 36122 0 1 
Enrollment 500-749 schlsized4 0.27 0.444 36122 0 1 
Enrollment >750 schlsized5 0.162 0.368 36122 0 1 
Instructional level: up to 
elementary school instleveld1 0.733 0.442 36122 0 1 
Instructional level: 
combined instleveld2 0.267 0.442 36122 0 1 
Class size <17 clsize s 0.192 0.394 36122 0 1 
Class size 18-24 clsize m 0.576 0.494 36122 0 1 
Class size >25 clsize l 0.218 0.413 36122 0 1 
Percentage of minority 
students: less 10% minority d1 0.373 0.484 36122 0 1 
Percentage of minority 
students: 10% to 25% minority d2 0.191 0.393 36122 0 1 
Percentage of minority 
students: 25% to 50% minority d3 0.159 0.366 36122 0 1 
Percentage of minority 
students: 50% to 75% minority d4 0.094 0.292 36122 0 1 
Percentage of minority 
students: more 75% minority d5 0.183 0.386 36122 0 1 
Mean school SES meanses 0.040 0.545 36122 -2.21 2.55 
Teachers' characteristics             
Experience –R tchexp r 14.64 9.919 36100 0 52 
Experience –M tchexp m 14.67 9.95 36103 0 52 
Education: MA degree or 
higher –R tcheduc d r 0.381 0.486 36093 0 1 
Education: MA degree or 
higher –M tcheduc d m 0.380 0.485 36098 0 1 
Type of certificate: 
Regular, Highest (1) None, 
regular, 
temporary/probational (0) tchcert r 0.883 0.321 36018 0 1 
Type of certificate: 
Regular, Highest (1) None, 
regular, 
temporary/probational (0) tchcert m 0.884 0.32 36049 0 1 
Pre-scores             
Pre- IRT Score English Lprecs1 r 69.67 40.03 35209 21.07 200.8 
Pre- IRT Score Math Lprecs1 m 54.01 31.82 36103 10.51 166.3 
Pre- Internalizing 
problems Lprencs1 ti 1.554 0.507 35685 1 4 
Pre- Externalizing 
problems Lprencs1 te 1.624 0.611 35942 1 4 
Pre- Self-control problems Lprencs1 tsc 3.193 0.607 35645 1 4 
Pre- CS-Index (restricted) Lpre1cs c 0.090 0.907 36122 -2.615 7.87 
Pre- NCS-Index 
(restricted) Lpre1ncs c 0.063 0.767 36122 -3.887 1.513 
Pre- CS-Index 
(comprehensive) Lpre1cs c ~l 0.101 0.85 36122 -2.542 5.934 
Pre- NCS-Index 





Location             
City urban d1 0.361 0.48 36122 0 1 
Suburb/large town urban d2 0.388 0.487 36122 0 1 
Rural/small town urban d3 0.251 0.434 36122 0 1 
Northeast cregion d1 0.184 0.387 36122 0 1 
Midwest cregion d2 0.280 0.449 36122 0 1 
South cregion d3 0.334 0.471 36122 0 1 
West cregion d4 0.203 0.402 36122 0 1 
Other variables (used in SEM)           
Teachers' assessment of 
CS Index ars c 0.050 0.936 35979 -3.165 2.554 
Pre- CS Index Lpre1ars c 0.081 0.925 35368 -2.982 3.061 
Parental expectation 
degree pexpectdegree 4.038 1.052 36003 1 6 
Lagged-Parental 







12-Table 4.9 Descriptive statistics for selected variables (weighted), pooled dataset 
Definition variable mean sd N min max 
Wave round 4.255 1.443 7876 2 6 
Cognitive and non-cognitive skills  
IRT Scale Scores English cs r 100.70 46.39 7750 22.73 203.2 
IRT Scale Scores Math cs m 80.38 38.73 7870 12.44 170.7 
Internalizing problems ncs ti 1.620 0.538 7776 1 4 
Externalizing problems ncs te 1.663 0.619 7848 1 4 
Self-control ncs tsc 3.197 0.610 7812 1 4 
CS-index (restricted) cs c 0.026 0.897 7876 -2.988 5.794 
NCS-index (restricted) ncs c -0.005 0.807 7876 -3.672 1.342 
CS-index (comprehensive) cs c all 0.042 0.855 7876 -2.853 4.597 
NCS-index (comprehensive) ncs c all 0.007 0.738 7876 -3.309 1.342 
Gain CS-index (restricted) G c cs 0.014 0.502 7876 -3.812 3.048 
Gain NCS-index (restricted) G c ncs -0.014 0.745 7876 -3.665 3.064 
Gain CS-index 
(comprehensive) G c all cs 0.009 0.421 7876 -2.784 2.205 
Gain NCS-index 
(comprehensive) G c all ncs -0.011 0.680 7876 -3.482 3.194 
Gain IRT Score English Gcs r 29.500 20.210 7636 -50.03 127 
Gain IRT Score Math Gcs m 24.720 15.060 7866 -48.1 93.49 
Gain Internalizing problems Gncs ti 0.034 0.594 7672 -2.75 3 
Gain Externalizing problems Gncs te 0.006 0.562 7818 -3 3 
Gain Self-control problems Gncs tsc 0.034 0.618 7678 -2.25 2.75 
Student Characteristics             
Girl girl 0.491 0.500 7876 0 1 
Race-White white 0.644 0.479 7876 0 1 
Race-Black black 0.133 0.340 7876 0 1 
Race-Hispanic hispanic 0.163 0.369 7876 0 1 
Race-Asian asian 0.016 0.125 7876 0 1 
Race-Others others 0.045 0.206 7876 0 1 
Age of student age 8.524 1.944 7876 6 12 
Below grade belowgrade 0.055 0.228 7876 0 1 
Disability  disab 0.195 0.396 7876 0 1 
Family characteristics             
Child's language at home is not 
English noenglish 0.094 0.292 7876 0 1 
Moved schools between years schchange 0.186 0.389 7876 0 1 
Family size famsize 4.536 1.338 7876 2 13 
Family type: 2 parents famtypen d1 0.757 0.429 7876 0 1 
Family type: 1 parent/other famtypen d2 0.243 0.429 7876 0 1 
Socioeconomic status ses -0.029 0.764 7876 -4.47 2.88 
School characteristics             
Public School public 0.863 0.344 7876 0 1 





Private school privatenc 0.067 0.251 7876 0 1 
Enrollment <149 schlsized1 0.043 0.203 7876 0 1 
Enrollment 150-299 schlsized2 0.150 0.357 7876 0 1 
Enrollment 300-499 schlsized3 0.314 0.464 7876 0 1 
Enrollment 500-749 schlsized4 0.288 0.453 7876 0 1 
Enrollment >750 schlsized5 0.205 0.404 7876 0 1 
Instructional level: up to 
elementary school instleveld1 0.808 0.394 7876 0 1 
Instructional level: combined instleveld2 0.192 0.394 7876 0 1 
Class size <17 clsize s 0.182 0.386 7876 0 1 
Class size 18-24 clsize m 0.585 0.493 7876 0 1 
Class size >25 clsize l 0.219 0.413 7876 0 1 
Percentage of minority 
students: less 10% minority d1 0.352 0.478 7876 0 1 
Percentage of minority 
students: 10% to 25% minority d2 0.189 0.391 7876 0 1 
Percentage of minority 
students: 25% to 50% minority d3 0.16 0.367 7876 0 1 
Percentage of minority 
students: 50% to 75% minority d4 0.094 0.292 7876 0 1 
Percentage of minority 
students: more 75% minority d5 0.205 0.404 7876 0 1 
Mean school SES meanses -0.037 0.571 7876 -2.21 2.54 
Teachers' characteristics             
Experience –R tchexp r 14.50 9.91 7876 0.5 40 
Experience –M tchexp m 14.64 9.98 7876 0.5 40 
Education: MA degree or 
higher –R tcheduc d r 0.404 0.491 7874 0 1 
Education: MA degree or 
higher –M tcheduc d m 0.406 0.491 7873 0 1 
Type of certificate: Regular, 
Highest (1) None, regular, 
temporary/probational (0) tchcert r 0.894 0.308 7867 0 1 
Type of certificate: Regular, 
Highest (1) None, regular, 
temporary/probational (0) tchcert m 0.896 0.305 7850 0 1 
Pre-scores             
Pre- IRT Score English Lprecs1 r 71.68 40.8 7642 21.07 196.4 
Pre- IRT Score Math Lprecs1 m 55.66 32.67 7872 10.63 164.2 
Pre- Internalizing problems Lprencs1 ti 1.586 0.522 7763 1 4 
Pre- Externalizing problems Lprencs1 te 1.658 0.625 7845 1 4 
Pre- Self-control problems Lprencs1 tsc 3.164 0.614 7740 1 4 
Pre- CS-Index (restricted) Lpre1cs c 0.011 0.898 7876 -2.615 6.471 
Pre- NCS-Index (restricted) Lpre1ncs c 0.009 0.790 7876 -3.672 1.342 
Pre- CS-Index (comprehensive) Lpre1cs c ~l 0.032 0.847 7876 -2.422 5.169 
Pre- NCS-Index 
(comprehensive) Lpre1ncs c~l 0.017 0.753 7876 -3.594 1.342 
Location             





Suburb/large town urban d2 0.417 0.493 7876 0 1 
Rural/small town urban d3 0.249 0.433 7876 0 1 
Northeast cregion d1 0.177 0.382 7876 0 1 
Midwest cregion d2 0.240 0.427 7876 0 1 
South cregion d3 0.366 0.482 7876 0 1 
West cregion d4 0.217 0.412 7876 0 1 
Other variables (used in SEM)           
Teachers' assessment of CS 
Index ars c -0.007 0.958 7843 -2.787 2.554 
Pre- CS Index Lpre1ars c 0.006 0.942 7710 -2.982 3.061 
Parental expectation degree pexpectdeg~e 3.961 1.072 7848 1 6 
Lagged-Parental expectation 












13-Table 4.10 Correlation coefficients among the educational outcomes (plus ars_c) 
    ncs_te ncs_ti ncs_tsc ncs_se ncs_si c_ncs c_cs cs_r cs_m ars_c 
Externalizing problems-teachers ncs_te 1 
         Internalizing problems-teachers ncs_ti 0.316 1 
        Self-control-teachers ncs_tsc -0.722 -0.323 1 
       Externalizing problems-students ncs_se 0.368 0.164 -0.330 1 
      Internalizing problems-students ncs_si 0.189 0.168 -0.188 0.595 1 
     Cognitive skills index c_ncs -0.850 -0.689 0.855 -0.358 -0.225 1 
    Non-cognitive skills index c_cs -0.197 -0.224 0.226 -0.335 -0.375 0.271 1 
   IRT Scale Scores-R cs_r -0.099 -0.054 0.133 -0.343 -0.365 0.120 0.448 1 
  IRT Scale Scores-M cs_m -0.093 -0.064 0.130 -0.304 -0.351 0.120 0.472 0.920 1 
 Cognitive skills index-teacher ars_c -0.231 -0.299 0.314 -0.297 -0.280 0.353 0.652 0.284 0.284 1 
Note:  
C_cs: Cognitive-skills index, restricted (using by-grade standardized reading and mathematics scores) 
C_ncs: Non-cognitive-skills index, restricted (using by-grade standardized teacher’s perception of externalizing behavioral problems, internalizing behavioral 











14-Table 4.11: The “Big Five” Factors and the facets in them a 
Factor Levin (2012), p. 80  Almlund et al (2011), p. 17  Facets ECLS-K Non-cognitive measures /Items  
I. Extraversion Outgoing and energetic as opposed 
to solitary and reserved. 
Energy, positive emotions, 
urgency, and the tendency to seek 
stimulation in the company of 
others. 
 An orientation of one's 
interests and energies toward 
the outer world of people and 
things rather than the inner 
world of subjective experience; 








-Externalizing behavioral problems: 
Child argues, fights, gets angry, acts 
impulsively, disturbs ongoing activities, and  
talks during quiet study time, in 3 and 5) 
 
II. Agreeableness Friendly and compassionate as 
opposed to cold and unkind. 
A tendency to be compassionate 
and cooperative rather than 
suspicious and antagonistic 
towards others. 
 The tendency to act in a 











III. Conscientiousness Efficient and organized as opposed 
to easy-going and careless. 
A tendency to show self-
discipline, act dutifully, and aim 
for achievement; planned rather 
than spontaneous behavior. 
 The tendency to be organized, 







-Self-Control (*):  
Child’s ability to control behavior by respecting 
the property rights of others, controlling temper, 
accepting peer ideas for group activities, and 
responding appropriately to pressure from peers 
IV. Neuroticism Sensitive and nervous as opposed 
to secure and confident. 
A tendency to experience 
unpleasant emotions easily, such 
as anger, anxiety, depression, or 
vulnerability. 
 Chronic level of emotional 









-Internalizing behavioral problems: 
Anxiety, loneliness, low self-esteem, and 
sadness 
-Externalizing behavioral problems: 
Child argues, fights, gets angry, acts 
impulsively, disturbs ongoing activities, and 
talks during quiet study time, in 3 and 5) 
-Self-Control (*): 
Child’s ability to control behavior by respecting 
the property rights of others, controlling temper, 
accepting peer ideas for group activities, and 
responding appropriately to pressure from peers 
V. Openness to 
experience 
Inventive and curious as opposed 
to consistent and cautious. 
Appreciation for art, emotion, 
adventure, unusual ideas, 
curiosity, and variety of 
experience 
 The tendency to be open to 
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ESTIMATION OF COGNITIVE ACHIEVEMENT: AN OVERVIEW OF THE 




Equations 2, 3 and 7 in the Methodology hypothesize that the production of achievement 
in reading and mathematics is a function of individual, family, school and teacher characteristics. 
The discussion below describes the associations and effects of these school inputs on 
achievement, mainly focusing on the importance of school level variables in determining 
performance in the cognitive skills index, reading, and mathematics. The analytical sample for 
the empirical study is composed of students in grade-levels K to 5
th
. 
The empirical estimation of the determinants of cognitive achievement is implemented 
using a sequential process, utilizing different estimation methods and specification equations. 
First, I estimate the determinants of achievement using the cross-sectional databases, and study 




achievement using the pooled database. Third, I estimate the FE model, acknowledging the fact 
that the observations are not independent from each other, but belong to the same individual over 
time. Finally, I estimate the FE with a school random effects model
167
. The discussion provides a 
comprehensive description of the relationships between educational outputs and inputs, and of 
the conditions under which the findings are stable and unbiased.  
The results are presented for unweighted observations, for dependent variables measured 
in levels and gains. The covariates of interest (included in ECLS-K) are experience, education 
and type of teaching certificate as the teacher characteristics, and the following school 
characteristics: type of school, comparing public schools to Catholic and other private non-
Catholic schools; instructional level, comparing elementary schools with combined schools; 
school size, which compares schools with larger number of students, by size of enrollment -with 
schools with less than 149 students; class size, which allows us to compare students in medium 
(18 to 24 students) or large classes (25 or more students) to students in small size classes (less 
than 17); school composition in terms of proportion of minorities (comparing schools with a 
lower proportion of minority students to schools where more than 75% of students come from a 
minority ethnicity); and mean socioeconomic status of the school. All the models control for 
individual and family characteristics, as well as the student’s prescore.   
The dependent variables are measured in different units. The cognitive skills index is, by 
construction, a standardized variable (for the analytical sample, mean is approximately 0.1, and 
standard deviation is approximately 0.9, unweighted descriptive statistics). The components of 
the cognitive skills index, reading and mathematics achievement, are measured using the original 
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 In order to assess potential mediating effects of individual and school variables, I also estimated the models 
progressively incorporating explanatory variables (individual, school and teacher level) into each model. For 
improving the clarity in the discussion of the various results, these estimates are not included in the discussion of the 




measurement scale in the dataset, a continuous IRT Scale scores (unweighted mean and standard 
deviation for the analytical sample are 98.8 and 46.3 for reading and 78.4 and 38.3 for 
mathematics). The discussion of the results is primarily based on the specification where the 
outcome variable is expressed in levels, i.e., the standardized index or the original IRT scale 
scores for reading and mathematics (versus variables in gains or value added). All educational 
inputs described above are included in the estimation (full model), including the prescore of the 
dependent variable (taken one or two years earlier, depending on the grade level). The coefficient 
on this variable allows me to illustrate the debate on value added and learning dynamics. 
Because of this, the prescore variable is the only individual-level variable whose associated 
coefficient is discussed throughout the presentation of the results. Estimates correct for potential 
heteroskedasticity. Statistical problems associated with multicollinearity are disregarded, after 
performing the necessary tests to detect the presence of collinearity.
168
 The sequence of 
interpretations is provided both for the cognitive skills index, and its two components, reading 
performance and mathematics performance, as outlined in the following section. 
 
5.2. Organization of the discussion of empirical findings 
The description of empirical results is organized as follows.  
In section 5.3, I discuss the results for the production of the cognitive skills index and 
study the relationships between the index and the educational inputs. For this outcome, I explain 
the cross-sectional estimates corresponding to students in third grade (section 5.3.1). Afterwards, 
the pooled point estimates are described, and compared to the cross-sectional estimates (section 
5.3.2). In the following section (5.3.3), I examine the fixed effects estimates. Finally, I discuss 
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the findings of the third analytical method, the multilevel fixed effects model (section 5.3.4). In 
each section, I briefly describe any significant findings observed in the value added 
specifications.   
In section 5.4, I examine the estimates of the specifications for the components of the 
cognitive skills index, i.e., the student’s achievement in reading (section 5.4.1) and mathematics 
(section 5.4.2). The estimates of interest in this section are the pooled, fixed effects and 
longitudinal multilevel models, for students in grade-levels K to 5
th
.  
Finally, section 5.5 presents the evaluation of the statistics of the estimated models, 
which validates the appropriateness of utilizing the different identification and estimation 
strategies. 
 
5.3. Cognitive skills composite index (Analytical results-I) 
The discussion of the results starts with the analysis of the cross-sectional estimations of 
the production of cognitive skills. The cognitive skills are measured using the cognitive skills 
index, a standardized variable that combines the variation of achievement in reading and in 
mathematics. In particular, I report the coefficients of this model for one of the waves in the 
analytical dataset, corresponding to students in 3
rd
 grade. Although the statistical properties of 
these estimates are not optimal
169
, it is important to explain these estimated results because of the 
following reasons. In most cases, empirical research on the production of education uses 
statistical information that is available for a group of students at a single point of time. The OLS 
results for students in 3
rd
 grade serve as the benchmark estimates of this research, which can be 
compared to other empirical findings in this field. Also, the findings can be compared to the 
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results obtained using alternative statistical frameworks like the ones specified in this study, to 
assess potential biases associated with the importance of the educational inputs in enhancing 
skills, when the assumptions about the model are not met or supported by the statistical dataset. 
The sequence of statistical analyses, from cross-sectional to longitudinal models, are expected to 
reinforce the necessity to be aware of potential biases arising in the different specifications, 
especially when the research might be used to inform educational policy. The comparison of 
results aims at building reasonable and statistically documented confidence intervals for the 
importance of school level variables for increasing educational achievement. 
 
5.3.1. Cross sectional estimates 
The estimates corresponding to the determinants of cognitive skills achievement are 
shown in Table 5.1, columns 1 to 4. The items that compose the cognitive-skills index are the 
standardized achievement in reading and mathematics
170
. The cross-sectional models are 
estimated using OLS. The comments below correspond to the point estimates for students in 3
rd
 
grade (column 3).  
The relationship between the outcome and the teacher’s variables 
The associations between the cognitive skills index and the teachers’ characteristics are 
not statistically different from zero. In addition to that, the sizes of the point estimates are very 
small, on average. While not significantly different from what other empirical evidence suggests, 
one explanation for these findings would be that the cross-sectional estimates are the result of 
heterogeneous teacher effects across subpopulation groups, for instance, which would lead to 
average estimated coefficients that are statistically not distinguishable from zero. Other 
                                                          
170




explanations for the obtained coefficients would be presence of measurement error, and some 
types of sorting of students or selection of teachers into particular types of classes, that would 
cancel any effects of the teachers on the children’s outcomes, or the fact that this is a weak set of 
measures. 
The relationship between the outcome and the school level variables 
The study of the relationships between achievement and the school characteristics 
identifies the following associations. Students in Catholic and private non-Catholic schools, 
compared to students in public schools, have lower cognitive skills indices. The associated 
coefficients are -0.053 and -0.113 standard deviations respectively. There is a positive 
association between school size and cognitive skills achievement. According to the estimates, 
students in larger schools, compared to students in small schools (less than 149 students) have 
higher cognitive skills indices, on average. The coefficients vary between 0.060 and 0.077 
standard deviations.  Students in combined schools, compared to students in elementary schools, 
score 0.029 standard deviations higher in the cognitive skills index. There is a negative 
association between school racial composition and the cognitive skills index. Students in schools 
with lower proportions of minority students score, on average, higher in the index than students 
in highly segregated schools. The associated coefficients are between 0.097 and 0.111 standard 
deviations. In addition to this, there is a positive association between school mean socio-
economic status and the cognitive skills index. A one standard deviation increase in the schools 
average socio-economic status is associated with an increase in the cognitive skills index of 
0.052 standard deviations. As mentioned in chapter III, the cross-sectional findings are not 
interpretable as effects but as associations or correlations between the variables. Some concerns 




probability of particular schools serving some types of students biasing the estimates and leading 
to wrong interpretations. 
The relationship between the outcome and the pre-score 
Finally, the relationship between the cognitive skills index and the prescore suggests that 
there is a positive correlation between them. The size of the estimated coefficient indicates that a 
one standard deviation increase in the previous score is associated with a 0.712 standard 
deviation increase in the current score. The size of this coefficient is very large but not equal to 1, 
which is the assumption made in the value added models. 
The stability of coefficients across grade-levels 
There are some differences across the estimates obtained for the different grade levels. 
The associations between the cognitive-skills index and the educational inputs described for 
students in grade-level 3 seem to be stronger and more likely to be statistically significant than 
the associations estimated for other grades. In addition to that, there are some opposite 
associations, which would affect the relationship between the outcome and the instructional level 
of the school in grade-level K, and the mean socio-economic status, also in Kindergarten. As 
shown in figures 5.1 to 5.4, the associations are not constant across the grade-levels. Also, not 
clear patterns are identified. Figure 5.1 looks at the Catholic school dummy (compared to public 
schools). The association of this variable with achievement is convex, and negative for all grade-




 grades. Figure 5.2 represents the average 
socio-economic status and the association with the cognitive skills index (the association was 
negative for students in grade K, most likely suggesting non-random sorting of students). The 
association is concave, and statistically significant for all grade-levels. Figures 5.3 and 5.4 




grades. Both patterns are convex. For the medium class size dummies, the point estimates are 
positive and statistically significant in grade-levels K and 5
th
. For the large class size dummies, 
the coefficients are negative and statistically significant in grade level 1
st




The determinants of value added 
Columns 5 to 8 in Table 5.1 show the estimates of the model specified in gains or value 
added. As mentioned earlier, this specification is less preferred than the in-levels specification 
because the gains are measured over different periods of time across the survey (ie., two year 
periods after first grade). However, the estimates are also interesting because they help to 
contextualize the estimates and assess potential biases when comparing the findings from 
different statistical methods (see Table 3.1). 
As noticed before, the results suggest positive associations between the gain in the 
cognitive skills index and the following predictors, for students in 3
rd
 grade: school size (students 
in larger schools compared to students in smaller schools, associated coefficients between 0.062 
and 0.105); type of instructional level in school (students in combined versus elementary schools, 
associated coefficient: 0.039); and mean socio-economic status (standardized coefficient: 0.039), 
and less segregated schools relative to highly segregated schools (students in less segregated 
schools, compared to students in highly segregated schools, associated coefficients between 
0.056 and 0.089 standard deviations). The findings suggest negative relationships between the 





5.3.2. Pooled estimates 
The pooled estimates of the determinants of the cognitive skills index for students in 
grades K to 5
th
 are shown in Table 5.2, column 1. As explained in chapter III, this estimation 
ignores the lack of independence between observations, arising from the fact that there are 
multiple observations for the same student among grades, and multiple observations for students 
in the same school. 
The relationship between the outcome and the school level variables 
Using the pool of observations available in the dataset, the estimates suggest that most 
relationships between teacher characteristics and the index are not statistically significant. The 
pooled estimation would average out the point estimates of the cross-sectional models. In 
addition to statistical significance, the coefficient sizes (effect sizes, since the dependent variable 
is standardized) are not educationally significant. The lack of statistical significance could 
therefore be a consequence of biases, and heterogeneous associations between the inputs and the 
outputs across the grade levels. Lack of statistical association between the inputs and 
achievement is in agreement, in general, with the educational production function literature 
(Hanushek, 1986, among others), except for the impact of teacher experience on achievement 
(Clotfelter, Ladd & Vigdor, 2007b
171
). In addition to the problematic estimating method, 
measurement error in the variables and/or inadequate educational inputs chosen for the 
specification could potentially lead to these results.  
The relationship between the outcome and the school level variables 
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endowed of  these  ndividuals leave  the schools  within three years so  that the  stock  of  teachers  with  three years 





The pooled estimates suggest several notable relationships between the cognitive skills 
index and some school level variables. The point estimates of the type of school variables 
suggest that, compared to students in public schools, students in Catholic and private schools 
would score lower (coefficients are -0.037 and -0.028 standard deviations). There is a positive 
association between class size and performance on the index: although the association is weak 
(coefficient is 0.019 standard deviations), students in medium size classes, compared to students 
in smalls size classes, score higher, on average. These estimates suggest that there is a negative 
association between school composition, in terms of proportion of minority students, and the 
cognitive skills index. Compared to students in highly segregated schools (more than 75% of the 
student body is composed of minority students), students in less segregated schools have higher 
levels of cognitive skills. The estimated coefficients vary between 0.029 and 0.040 standard 
deviations. Finally, the results suggest that an increase of mean socioeconomic status by one 
standard deviation is associated with an increase in the cognitive skills index of 0.027 standard 
deviations. These effects have been documented before and are important. As explained by 
Rumberger and Palardy (2005), schools where students are lower-income (with high proportion 
of minority students, in some cases) “tend to be organized and operated differently than those 
serving more-affluent students, transcending other school-level differences such as public or 
private, large or small”, which can contribute to increasing the educational gap. As mentioned 
before, these findings can’t be interpreted as the school type, composition or class size effects on 
achievement, since they may just represent some type of sorting of students into schools and be 
conflated with the effects of non-random assignment of students into classes.  




The relationship between the current score with the previously obtained score (prescore) 
suggests a strong positive correlation among them. The size of the estimated coefficient indicates 
that for a one standard deviation increase in the pre-score, the current score would increase by 
0.787 standard deviations (larger than the coefficient discussed for 3
rd
 grade). 
The relationship between the outcome and the value added 
When looking at the pooled estimates in the in-gains specification (column 4), most of 
the statistical significance of the coefficients and their sizes remain. The only exception is the 
mean socio-economic status of the school, which is not associated with the gain in the cognitive 
index skills in a statistically significant way.  
 
5.3.3. Longitudinal estimates 
The estimates corresponding to the effects of school level variables on the cognitive skills 
index for students in grade levels K to 5
th
 are shown in Table 5.2, column 2.  
The FE estimation uses information from students whose school characteristics change 
over time, and therefore, the point estimates indicate how a change in a given school input would 
impact the students’ achievement, on average (limitations of this interpretation are found in 
section 3.5). This method assumes that the student influence on achievement is constant. In 
general, the associated coefficients with school and teachers’ characteristics tend not to be 
statistically significant, even when the cross-sectional effects were. One potential explanation to 
keep in mind along these interpretations, as Allison (2009) suggested, is that “the standard errors 
for FE coefficients are often larger than those for other methods, especially when the predictor 
variable has little variation over time”, which leads to less precise and statistically insignificant 




variant factors that may promote changes in school factors for particular types of students, and 
are also correlated with changes in achievement (see Moretti, 2004, for a similar argument in the 
context of externalities, and section 3.5). 
The effect of teacher’s variables 
As reported in the table, for those students whose teacher’s educational attainment 
changes from less than an MA degree to an MA degree or higher, their cognitive skills index 
would increase, on average, by 0.012 standard deviations. This coefficient constrasts with 
Clotfelter, Ladd, and Vigdor (2007b)’s negative impact of educational attainment on 
achievement –although the variable is coded differently to the one used here- and Rivkin, 
Hanushek and Kain (2005), who found no association. The coefficients associated with the rest 
of the teacher’s characteristics are not statistically significant, suggesting that changes in 
available measures of teacher qualifications or credentials would not have any impact on the 
students’ cognitive skills index, on average. The analysis by Clotfelter, Ladd, and Vigdor (2007b) 
showed positive effects associated to teacher experience in their longitudinal study (maximum 
effects were associated to the variable 21-27 years of experience, compared to less than 1 year of 
experience, of 0.09 standard deviations in mathematics and 0.067 in reading). Also, licensure 
was associated with a 0.02 standard deviation increase in math and 0.012 standard deviation 
increase in reading.  
The effect of school level variables 
According to the estimates, the cognitive skills index of students whose class size 
changes from a small to a medium size class would increase by 0.014 standard deviations. 
Although this estimate is calculated using the on average changes in the outcomes of students 




some schools’ strategies of altering the size of the class were actually related to their academic 
achievement (which is a typical practice). If it were the case that better students were re-grouped 
into larger size classes, then the effect would be confounded and the explanation of the effect 
would be misleading. The mechanism in this case would work through the impact of a 
combination of better and/or new peer effects, for instance, if students in larger classes tender to 
be more advanced. Other school variables were not found to have any statistically significant 
impact on the student’s cognitive skills index, on average. 
The effect of the pre-score 
The negative coefficient associated with this variable suggests that a change in the 
previously obtained score (prescore) would have a negative impact on the current score, of 0.164 
standard deviations for a change of 1 standard deviation in the pre-score.  
The determinants of value added 
Column 5 in Table 5.2 shows the estimates of the model where the outcome variable is 
specified in gains or value added. The estimated coefficients suggest that there is a statistically 
significant impact of teacher’s educational attainment on the student’s cognitive skills index 
change. In particular, on average, for students who start being taught by a teacher with more than 
an MA degree, compared to BA or less, the cognitive skills gains increase by 0.024 standard 
deviations. On average, for those students whose school size increases, the gain in their cognitive 
skills would increase, by an amount between 0.065 and 0.088 standard deviations. In this case, 






5.3.4. Longitudinal and multilevel estimates 
The estimation using multilevel-FE acknowledges that some students are in the same 
schools, which is intrinsic to the design and structure of ECLS-K and the analytical sample. In 
particular, the estimations address the lack of independence between observations due to the fact 
that they belong to the same individual over time (FE, as section 5.3.3), and that they belong to 
students clustered in schools. The effect of this procedure is to adjust the standard errors, which 
are inflated or increase and lead to lower precision of the empirical estimates. 
The empirical findings associated with the correction of the standard errors of the point 
estimates due to the clustering of students within schools eliminates most of the teacher and 
school variables impacts on the student’s cognitive skills index, by increasing the standard errors 
and diminishing the precision of the empirical estimates. The results are shown in Table 5.2, 
third column. 
The effect of teacher and school level variables 
The two variables that were statistically significant in the longitudinal estimates (teacher 
education and class size) are not statistically significant after accounting for the clustering effect. 
The point estimates in the fixed effects-multilevel estimation are, on average, very small, in 
addition to non-statistically significant. 
The effect the of pre-score 
The negative coefficient associated with this variable suggests that a change in the 
previously obtained score (prescore) would have a negative impact on the current score, of 0.162 






The determinants of value added 
The last column in Table 5.2 shows the estimates of the multilevel-FE model where the 
outcome variable is specified in gains or value added for the cognitive index. The findings 
suggest a statistically significant impact of teacher’s educational attainment on the student’s 
cognitive index change. In particular, on average, for students whose teachers’ educational 
attainment increases from a BA or less to more than an MA degree, their cognitive skills gains 
increase by 0.024 standard deviations. On average, for those students whose school size 
increases, the gain in their cognitive skills would increase, by an amount between 0.083 and 
0.088 standard deviations.  
 
5.4. Achievement in reading and mathematics (Analytical results- II) 
As explained in Section 4.3.1, the (restricted) cognitive skills index was built using two 
components: the student’s performance in reading and mathematics. This section examines the 
results of the estimates using the components of the cognitive skills index, instead of the index. 
The analyses look at specific associations and effects that may exist between some of the 
educational inputs and the components of the cognitive skills (i.e., reading and mathematics 
achievement), and study their production more closely. Tables 5.3 to 5.4 show the results of the 
longitudinal estimations using the students in waves 1 to 6 (grade-levels K to 5
th
). The discussion 
below focuses on the analysis in which the dependent variable is measured in levels (i.e, in the 
IRT scale), and the prescore is included in the specification (columns 1 to 3). The tables also 




dependent variables are measured in the original scale, and therefore, the interpretation of the 





The estimates corresponding to the determinants of achievement in reading for students 
in grades K to fifth are shown in Table 5.3, columns 1 to 3. The reading variable is measured in a 
continuous scale, ranging from 22.73 to 203.2 points (mean 100.70 and standard deviation 46.39, 
weighted statistics). 
According to the results, the pooled estimates (column 1) suggest that an increase in 
teacher’s experience of one standard deviation is associated with a decrease in the reading 
performance of 0.017 standard deviations. The estimates also suggest a negative relationship 
between teacher’s certificate –regular or higher, versus other- and achievement (the associated 
coefficient is -0.568 points). Goldhaber and Brewer (2000)’s results on the association between 
certification and achievement are different than the reported coefficient, although the definition 
of the type of certification categories is different and the comparison is hard to make, especially 
because of the lack of a standard system of licensure.
173
 The relationship between teachers’ 
education and achievement suggests a positive association among them, but the coefficient is not 
statistically significant. These relationships may be reflecting some degree of sorting of the best 
teachers in classes where the students have higher academic needs. This result would be 
explained by four potential factors: one, teacher’s selection, under which the weakest teachers 
tend to compensate their lack of academic ability or effectiveness with higher education; two, 
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certification or not certified, performed better. However, students whose teachers had emergency credentials did not 




students’ sorting, under which the weakest students would be taught by the most talented teacher; 
three, measurement error or invalidity of teacher education as a good indicator of teacher’s 
quality (this characteristic may not be revealing the intensity and quality of practical instructional 
time, which may be indirectly mediated by teacher’s qualification); and four, heterogeneous 
effects dominating the average estimated coefficient. 
In terms of the school level associations with reading achievement, the estimates suggest 
that students’ achievement in reading for Catholic and private non-Catholic schools, compared to 
students in public schools, is higher (2.023 and 1.498 points).The dummies were negative for the 
index results. The same relationship applies to students in combined schools, versus students in 
elementary schools, whose reading score is 0.779 points higher (this effect is small; as a 
reference, Rockoff & Lockwood, 2010 found that achievement of students who are moved from 
an elementary to a middle school to drop by 0.15 standard deviations, but their classification of 
grade levels served is different to the used in this study). Students in medium size classes score, 
on average, 2.142 more points than students in small size classes (same results as the index’s 
estimates). Unfortunately, the association does not reveal if the class size has any effect on 
performance, or whether a tendency to group certain types of students, with higher levels of 
performance. Contrarily, students in smaller schools perform, on average, better than students in 
larger schools (the associated coefficient for students in schools with enrollment between 150-
300 is -1.426 points; the associated coefficient for students in schools with enrollment between 
500-749 is -2.211 points). The estimates suggest a negative relationship between reading 
performance and the proportion of minority students in the school. Compared to students in 
schools where the proportion of minority students is higher than 75%, reading achievement of 




results suggest that there is a positive association between performance and mean socio-
economic status of the school as well. On average, a one standard deviation increase in the socio-
economic status of the school is associated with a 0.022 standard deviations increase in 
achievement. However, as mentioned earlier, the estimation method does not allow us to 
disentangle whether there is any type of sorting of students into schools. Besides this, 
measurement error, as before, and heterogeneous effects could also affect the findings from this 
model. 
Finally, the prescore coefficient suggests that there is a positive correlation among 
present and past scores. The size of the estimated coefficient indicates that a one standard 
deviation increase in the previous score is associated with a 0.596 standard deviations increase in 
the reading performance. This coefficient is weaker than the one reported for the cognitive skills 
index. 
The FE estimates (Table 5.3, column 2) do not identify any statistically significant effect 
of teacher’s qualifications and students’ reading achievement. As explained in the previous 
sections, this may be due to the fact that students whose teachers’ credentials change may be 
different from students’ whose teachers remain the same, and this may be correlated with 
achievement. The usual concerns of measurement error problems and non-homogeneous effects 
across groups also affect these interpretations. 
The school level coefficients suggest that on average, a change from a public to a 
Catholic school would be associated with an increase in the student’s reading achievement by 
4.869 points. Among students in small schools who are moved to larger schools, the reading 
score would decrease by 2.858 and 3.637 points on average. Also, the racial composition of the 




highly segregated school to a less segregated school is expected to cause an increase in the 
student’s performance of 2.297 points (associated to the 50-75% proportion of minority dummy). 
Regarding the class size indicators, the estimates suggest that moving a student from a small to a 
medium size class would be associated with an increase in his reading performance of 2.333 
points. This result is comparable with the one obtained for the cognitive skills index. The same 
limitations explained then also apply.  
The negative coefficient associated to the prescore in the FE model suggests that a 
change of one standard deviation in the previously obtained score (prescore) would have a 
negative impact on the current score, of 0.174 points. This would indicate a regression to the 
mean effect (the size of the coefficient is slightly larger than the previous one).  
Table 5.3, column 3 shows the FE-multilevel estimates of the determinants of changes in 
the student’s reading achievement.  
After correcting the standard errors so that the clustering of the students within schools is 
accounted for, the empirical findings suggest the teacher characteristics are not statistically 
significantly associated with changes in reading performance, on average.  
As in the FE estimates, the interpretation of the school type dummies suggests that on 
average, a change from a public to a Catholic school would be associated with an increase in the 
student’s reading performance by 4.869 points. The type of school effect could be interpreted as 
the presence of underlying differences in teachers, curriculum, school selectivity, practices, etc. 
(see Bryk, Lee, & Peter, 1993), which are unfortunately not testable in the current data set. The 
coefficient associated with the medium class size variable remains statistically significant. The 
estimates suggest that moving a student from a small to a medium size class would cause his 





The estimates corresponding to the determinants of achievement in mathematics for 
students in grades K to fifth are shown in Table 5.4, columns 1 to 3. The mathematics 
achievement variable is measured in a continuous scale, ranging from 12.44 to 170.7 points 
(mean 80.38 and standard deviation 38.73, weighted statistics). 
According to the results, the pooled estimates (column 1) suggest that an increase in 
teacher’s experience of one standard deviation is associated with a decrease in the mathematics 
performance of 0.027 standard deviations. This effect is larger than the one obtained for 
reading.
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 The estimates also suggest a negative relationship between teacher’s certificate –
regular or higher, versus other- and achievement (the associated coefficient is -0.927 points). The 
relationship between teachers’ education and achievement suggests that there is a positive 
association among them. The findings indicate that students whose teachers’ educational 
attainment is MA degree or higher, compared to below MA, score, on average, 0.325 more 
points in the mathematics score. In general, the associations between the teachers’ qualifications 
and mathematics achievement are stronger than with reading achievement. However, as before, 
these relationships may reflect some degree of sorting of the best teachers in classes where the 
students who have stronger needs for help (education) or lower needs for help (experience). The 
explanations for these selection effects are like the ones I explained before: this result would be 
explained by four potential factors: one, teacher’s selection, under which the weakest teachers 
tend to compensate their lack of academic ability or effectiveness with higher education; two, 
students’ sorting, under which the weakest students would be taught by the most talented teacher; 
three, measurement error or invalidity of teacher education as a good indicator of teacher’s 
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quality (this characteristic may not be revealing the intensity and quality of practical instructional 
time, which may be indirectly mediated by teacher’s qualification); and four, there may be 
heterogeneous effects weighting the average estimated coefficient. 
In terms of the school level associations with mathematics achievement, the estimates are 
weaker than the associations between the school level characteristics and associations with 
reading achievement. The findings suggest no statistically significant associations between 
achievement and type of schools, and most of the coefficients’ sizes are smaller than the 
estimated in Table 5.4 (assessed looking at the standardized coefficients, not shown). Students in 
combined schools, compared to students in elementary schools, score 0.581 points higher in the 
mathematics test (this coefficient is also smaller than the estimated for reading). Students in 
medium size classes score, on average, 1.472 more points than students in small size classes. 
Unfortunately, the association does not reveal if the class size has any effect on performance, or 
whether it exists a tendency to group certain types of students, with higher levels of performance, 
in certain classes. Contrarily, students in smaller schools perform, on average, better than 
students in larger schools (the associated coefficient for students in schools with enrollment 
between 500-749 is -0.854 points). The estimates suggest a negative relationship between 
performance and proportion of minority students in school. Compared to student in schools 
where the proportion of minority students is higher than 75%, mathematics performance of 
students where the proportion of minority students is between 50-75%, is, on average, 0.967 
points higher. The results suggest that there is a positive association between performance and 
mean socio-economic status of the school. On average, a one standard deviation increase in the 
socio-economic status of the school is associated with a 0.016 standard deviations increase in 




Finally, the prescore coefficient suggests that there is a positive correlation among 
present and past scores. The size of the estimated coefficient indicates a one standard deviation 
increase in the previous score is associated with a 0.697 standard deviations increase in the 
mathematics performance (weaker than the parameter for the cognitive skills index but stronger 
than the value for the reading achievement prescore). 
The FE estimates (Table 5.4, column 2) suggest a positive effect of teacher’s educational 
attainment on the student’s achievement. Students whose teachers’ educational achievement 
increases from less than an MA degree to an MA degree or higher would be associated with an 
improvement of their achievement by 0.773 points. However, a change in teachers’ certification 
type (from regular to higher) would decrease the student’s performance of 1.015 points. These 
estimated effects are very small.  
The school level coefficients suggest that on average, among students in small schools 
who are in larger schools the following year, the mathematics score would increase by 1.438 
points on average. A change from an elementary to a combined school (or a change in grade-
levels served in the school) would increase the students’ math achievement by 1.599 points. 
Regarding the class size indicators, the estimates suggest that moving a student from a small to a 
medium size class would be associated with an increase in reading performance of 1.579 points, 
which again can be seen as sorting or grouping of similar-abilities children.   
Table 5.4, column 3 shows the FE-multilevel estimates of the determinants of changes in 
the student’s mathematics achievement. The empirical findings associated with the correction of 
the standard errors due to the clustering of students within schools suggest the following effects 
of teacher characteristics on mathematics performance, by increasing the standard errors and 




achievement increases from BA or lower to MA or higher would improve their achievement by 
0.773 points. A change in teachers’ certification type (from regular to higher) would also 
decrease the student’s performance of 1.015 points. 
As in the FE estimates, the coefficient associated with the medium class size variable 
suggests that moving a student from a small to a medium size class would cause his reading 
performance to increase by 1.579 points.   
 
5.5. Discussion about the model’s statistics 
5.5.1. Discussion about the model’s statistics 
The tables showing the results of the estimation of the associations and effects of the 
educational inputs on the cognitive skills index do not show the statistics that describe the 
adequacy of the model to investigate if there is a statistical pattern created by the empirical 
information. I provide the statistics describing the fixed effects models –for the specifications in 
which the dependent variable is measured in levels and the prescore is included as a covariate- in 
Table 5.5. I discuss these statistics in this section.  
Table 5.5 shows five parameters or statistics characterizing the fixed effects models. The 
columns show that the fixed effects models for the cognitive skills index, reading and 
mathematics achievement are estimated using 2.5 observations per student, on average 
(minimum 1, maximum 4, not reported). The second row shows the R-squared calculated using 
the within, between and overall variations. Notice that Tables 5.2 to 5.4 reported the within-R-
squared as the model’s R-squared, but the model’s full adjustment is defined by the overall R-
squared, much higher
175
. An important statistic is the correlation between the individual effects 
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 Note that the information of students for whom there is only one observation across the panel (ie, there is not 




and the regressors. By definition, this correlation needed to be different from zero, which is 
observed across all the columns. The table also reports the intra-class correlation coefficient. 
This statistic reports what proportion of the total variation is explained by the unit effects (the 
remaining variation would be accounted for the time-varying variables). This statistic would 
assess whether it is important to control for the unit effects, compared to estimating a regression 
in which the students’ observations are considered independent from each other (what is done in 
the pooled estimate). Finally, the results for the Hausman test are included in the last row in the 
table. This test evaluates whether the fixed effects estimation for the students is appropriate, 
compared to the random effects estimation. The results suggest that the FE model is appropriate 
(Prob>Chi2 is lower than 0.05 for all models). 
According to the estimates, modeling the production of these non-cognitive skills using 
the fixed effects models –especially compared with the pooled estimates and the student-random 
effects model- is appropriate. This does not rule of biases in the estimates due to lack of random 
assignment of students into some type of classes and schools, and changes over time in any of 




This chapter has described the results of the first empirical analysis developed in this 
dissertation, on the “Estimation of cognitive achievement: an overview of the traditional 
educational production function”. This research question has studied the production of cognitive 
achievement as represented by the cognitive skills index, achievement in reading and 




sectional, student fixed effects and multilevel student fixed effects models) to assess the 
associations between these educational outcomes and the available school and teacher level 
inputs.  
Overall, school and teacher associations with the cognitive skills index are small and 
most of them are statistically insignificant across the models. The results are in accordance with 
the existing literature, and congruent with the debate of the scarce impact of educational inputs 
on achievement (section 2.5.1). Although some explanations and some speculation about why 
this could be occurring have been mentioned in the discussion of results, in light of these 
findings we find support to the idea of considering alternative measures of school and teacher 
quality and practices when modeling the production of education (see section 2.5.1). If other 
educational inputs’ associations with students’ performance are stronger and have been excluded 
from the analysis, some of the identification assumptions in the models regarding measurement 
error and omitted variables would be compromised. Particularly, this would affect the 
assumptions of measurement error, non-omitted variables (especially time invariant), and 
random assignment. As acknowledged earlier, the educational production function literature has 
been uncovering better indicators of teacher quality and effectiveness than the ones available in 
my dataset (Goldhaber, 2002). However, modeling the production of education using the 
appropriate inputs should be made in combination with the utilization of more comprehensive 
and sophisticated statistical models, such as the ones developed in this chapter.  
These results identified stronger relationships among the importance of the teacher 
factors in the students’ performance in mathematics, compared to the coefficients estimated for 
reading achievement (similar findings are reported by Clotfelter, Ladd & Vigdor, 2007b). These 




to the longitudinal and multilevel longitudinal estimates, the teacher characteristics that had 
statistically significant effects on increasing performance were teachers’ educational attainment 
(positive effect, in mathematics, 0.773 points) and type of certificate (negative effect, in 
mathematics, -1.015 points). The relationship between school factors and achievement was more 
noticeable for reading performance than for mathematics performance. Some of the statistically 
significant effects were estimated for school size (negative, in reading, as school size increases, 
between -2.7 and -3.6 points) and type of school (positive, in reading, for students in catholic 
schools, of 4.9 points). The statistics characterizing the students’ fixed effects model were 
supportive of the chosen estimation approach.  
From the comparison of findings across models, and after acknowledging the potential 
limitations associated with the fixed effects estimation mentioned before, the results provided 
some evidence of biases in the cross-sectional results (especially in the pooled results). Probably 
due to sorting of students into schools, the FE estimates did not overcome some of the statistical 
problems brought to the analyses because of certain school practices of grouping students into 
particular settings or inputs (classes, teachers, etc.) due to reasons associated with their 
performance. The multilevel estimates tended to be statistically insignificant because of increases 
in the standard errors. 
The estimates also allowed us to shed some light on the debate of the value of the rate of 
decay of knowledge, which the value added models impose to be equal to 1. Assuming the 
assumptions discussed in chapter III are correct, the estimated coefficient for the lagged 
achievement is less than one in the cross-sectional estimates. The fixed effects estimates provide 
us with negative values of the lagged parameters, suggesting that students’ achievement in 




5.6.2. Other limitations 
Some other limitations affect the models estimated in this chapter. The construction of 
the index representing the cognitive skills respects the by grade-level variation, but may alter the 
across grade-level variation, better represented with the individual IRT scale scores. In terms of 
the specifications, we have to be cautious with the fact that the students’ pre-scores are measured 
over different periods of time between grade-levels (for example: the first pre-score or 
corresponding gain would measure a variation between the beginning of the course and the end 
of the course; the following gain would represent the gain over one full year (spring, K to Spring, 
1
st




 grades; and the last 
score or gain would compare achievement growth over 3 academic courses (end of 8
th
 grade)).   
The empirical estimation and interpretation of the longitudinal models and the clustered 
longitudinal level face other limitations. The within variation available for the students –both the 
variation in their outcomes and the variation over time of the school and teacher inputs- does not 
always allow to identify statistically significant impacts of teacher characteristics and school 
level variables on performance. As Allison (2009) suggested, “the standard errors for FE 
coefficients are often larger than those for other methods, especially when the predictor variable 
has little variation over time”, which leads to less precise and statistically insignificant estimated 
coefficients, but does not necessarily reflect lack of statistically significant effects in presence of 
more within variation (this would be more an experiment). In addition to that, the within 
variation in the educational inputs may be actually correlated with the students’ performance (i.e., 
if a student is performing poorly, he might be transferred from one class to another, from one 
teacher to another, or his parents may decide to enroll him in a different school; many conflating 




performance, in situations like this). This fact would also bias the estimated coefficients, as 
mentioned before. Further discussion will be presented in chapter VIII (conclusions).  
 
5.6.3. Further research 
Next chapter studies whether the same framework for the production of cognitive skills 
could be useful to model the production of non-cognitive skills. In particular, it examines the 
relationships between teachers and schools characteristics and different measures of behavioral 







 The estimated coefficients are accompanied by the standard errors estimates in the row 
below. For some variables (the continuous variables), there is an additional row 
accompanying the estimates, which shows the standardized (or beta) coefficient. 
 The stars represent: *** p<0.01, ** p<0.05, * p<0.1 
 The estimates control for individual, family characteristics and location. 
 For more information about the meaning and coding of the variables used in the analysis, 










15-Table 5.1. The determinants of the cognitive skills index. Cross sectional estimates. 
  Cognitive skills-Index-Levels  Gognitive skills-Index-Gains 
   K 1st  3rd 5th   K 1st  3rd 5th 
 
 
c_cs c_cs c_cs c_cs 
 
G_c_cs G_c_cs G_c_cs G_c_cs 
Experience tchexp_c -0.000 0.001 0.000 0.003 
 
-0.001 -0.000 -0.001 0.001 
 
 
(0.002) (0.002) (0.002) (0.002) 
 
(0.002) (0.002) (0.002) (0.002) 
 
 
-0.004 0.006 0.001 0.027 
 
-0.023 -0.004 -0.022 0.030 
Experience, Squared tchexp2_c 0.000 0.000 0.000 -0.000 
 
0.000 0.000 0.000 -0.000 
 
 
(0.000) (0.000) (0.000) (0.000) 
 
(0.000) (0.000) (0.000) (0.000) 
Education: MA degree or 
higher tcheduc_d_c -0.006 0.012 -0.007 -0.012 
 
-0.003 0.011 -0.002 -0.004 
 
 
(0.010) (0.010) (0.012) (0.010) 
 
(0.011) (0.011) (0.013) (0.010) 
Type of certificate: Regular or 
Highest tchcert_c -0.016 -0.004 0.006 0.002 
 
-0.019 -0.012 0.008 -0.003 
 
 
(0.016) (0.016) (0.018) (0.020) 
 
(0.016) (0.017) (0.020) (0.021) 
Catholic School catholic -0.029 -0.062*** -0.053** -0.009 
 
-0.043** -0.068*** -0.037 0.010 
 
 
(0.020) (0.021) (0.023) (0.017) 
 
(0.021) (0.022) (0.025) (0.018) 
Private School privatenc 0.027 -0.024 -0.113*** 0.026 
 
0.008 -0.059** -0.143*** 0.026 
 
 
(0.025) (0.024) (0.026) (0.021) 
 
(0.026) (0.027) (0.029) (0.022) 
Enrollment: 150-199 schlsized2 0.020 -0.040 0.060** -0.030 
 
0.020 -0.025 0.085*** -0.014 
 
 
(0.023) (0.025) (0.026) (0.025) 
 
(0.024) (0.027) (0.030) (0.027) 
Enrollment: 300-499 schlsized3 0.031 -0.048* 0.071*** -0.023 
 
0.024 -0.035 0.097*** -0.006 
 
 
(0.024) (0.025) (0.026) (0.025) 
 
(0.024) (0.027) (0.029) (0.027) 
Enrollment: 500-749 schlsized4 0.029 -0.075*** 0.077*** -0.068*** 
 
0.028 -0.061** 0.105*** -0.054* 
 
 
(0.024) (0.026) (0.028) (0.026) 
 
(0.025) (0.028) (0.031) (0.028) 
Enrollment >750 schlsized5 0.029 -0.050* 0.040 -0.042 
 
0.015 -0.048* 0.062* -0.017 
 
 
(0.026) (0.027) (0.030) (0.028) 
 
(0.026) (0.029) (0.033) (0.030) 
Instructional level: up to 
elementary school instleveld1 -0.040*** -0.005 0.029* 0.000 
 
-0.044*** 0.000 0.039** -0.001 
 
 
(0.014) (0.015) (0.018) (0.012) 
 
(0.015) (0.016) (0.019) (0.013) 
Class size 18-24 clsize_m 0.024** -0.005 0.003 0.041*** 
 
0.027** -0.010 0.006 0.017 
 
 
(0.012) (0.013) (0.016) (0.014) 
 
(0.012) (0.013) (0.017) (0.014) 
Class size >25 clsize_l -0.007 -0.063*** 0.012 0.044*** 
 
-0.012 -0.063*** 0.028 0.020 
 
 
(0.015) (0.016) (0.019) (0.015) 
 
(0.016) (0.018) (0.020) (0.016) 
Percent. minority students: less 
10% minority_d1 -0.005 0.086*** 0.097*** -0.019 
 
0.002 0.090*** 0.069*** -0.039* 
 
 
(0.020) (0.020) (0.023) (0.020) 
 








Percent. minority students: 10-
25% minority_d2 -0.015 0.064*** 0.108*** 0.004 
 
-0.014 0.075*** 0.077*** -0.025 
 
 
(0.020) (0.019) (0.023) (0.019) 
 
(0.021) (0.021) (0.024) (0.020) 
Percent. minority students: 25-
50% minority_d3 0.038* 0.023 0.074*** 0.001 
 
0.040* 0.015 0.056** -0.016 
 
 
(0.020) (0.018) (0.022) (0.018) 
 
(0.021) (0.020) (0.024) (0.019) 
Percent. minority students: 50-
75% minority_d4 0.022 0.025 0.111*** 0.013 
 
0.032* 0.035* 0.089*** -0.008 
 
 
(0.018) (0.018) (0.023) (0.021) 
 
(0.019) (0.019) (0.025) (0.022) 
Mean school ses meanses -0.036** 0.066*** 0.083*** 0.024* 
 
-0.077*** 0.023 0.038** -0.014 
 
 
(0.016) (0.015) (0.016) (0.013) 
 
(0.016) (0.016) (0.017) (0.014) 
 
 
-0.020 0.042 0.052 0.015 
 
-0.085 0.024 0.039 -0.019 
Prescore Lpre_c_cs 0.854*** 0.743*** 0.712*** 0.822*** 
      
 
(0.009) (0.008) (0.007) (0.007) 
      
 
0.860 0.766 0.704 0.831 
     Constant Constant -0.084 0.247*** 0.435*** 0.540*** 
 
0.250*** 0.788*** 0.846*** 0.710*** 
 
 
(0.079) (0.088) (0.120) (0.118) 
 
(0.079) (0.095) (0.130) (0.125) 
Observations 9,184 11,096 8,467 7,375 
 
9,184 11,096 8,467 7,375 
R-squared  0.776 0.692 0.702 0.819 
 
0.028 0.028 0.046 0.021 
Adj.R2  0.775 0.691 0.700 0.818 
 




5-Figure 5.1. Catholic school dummy over grade levels (cross-sectional estimates) 
 
 

































































16-Table 5.2. The determinants of the cognitive skills index. Longitudinal estimates. 
  Cognitive skills-Index-Levels  Cognitive skills-Index-Gains 
 
 Pooled Fixed effects 
Fixed effects  
+Multilevel  Pooled Fixed effects 




NW.PE NW.FE NW.FE.CL 
 
NW.PE NW.FE NW.FE.CL 
 
 
c_cs c_cs c_cs 
 
G_c_cs G_c_cs G_c_cs 
Experience tchexp_c -0.000 -0.000 -0.000 
 
-0.001 -0.002 -0.002 
 
 
(0.001) (0.001) (0.002) 
 
(0.001) (0.001) (0.003) 
 
 
-0.003 -0.002 -0.002 
 
-0.028 -0.033 -0.033 
Experience, Squared tchexp2_c 0.000 0.000 0.000 
 
0.000* 0.000 0.000 
 
 
(0.000) (0.000) (0.000) 
 
(0.000) (0.000) (0.000) 
Education: MA degree or higher tcheduc_d_c -0.002 0.012* 0.012 
 
0.005 0.024*** 0.024* 
 
 
(0.005) (0.006) (0.011) 
 
(0.006) (0.009) (0.015) 
Type of certificate: Regular or Highest tchcert_c -0.005 -0.009 -0.009 
 
-0.009 -0.019 -0.019 
 
 
(0.009) (0.010) (0.018) 
 
(0.009) (0.013) (0.023) 
Catholic School catholic -0.037*** -0.012 -0.012 
 
-0.036*** -0.026 -0.026 
 
 
(0.010) (0.046) (0.050) 
 
(0.011) (0.056) (0.081) 
Private School privatenc -0.028** -0.042 -0.042 
 
-0.053*** -0.087 -0.087 
 
 
(0.012) (0.055) (0.064) 
 
(0.013) (0.063) (0.097) 
Enrollment: 150-199 schlsized2 0.003 0.017 0.017 
 
0.017 0.065** 0.065 
 
 
(0.013) (0.022) (0.038) 
 
(0.014) (0.030) (0.040) 
Enrollment: 300-499 schlsized3 0.009 0.027 0.027 
 
0.020 0.083** 0.083* 
 
 
(0.013) (0.024) (0.039) 
 
(0.014) (0.033) (0.044) 
Enrollment: 500-749 schlsized4 -0.008 -0.005 -0.005 
 
0.006 0.068* 0.068 
 
 
(0.013) (0.026) (0.042) 
 
(0.014) (0.035) (0.049) 
Enrollment >750 schlsized5 -0.000 0.017 0.017 
 
0.004 0.088** 0.088* 
 
 
(0.014) (0.028) (0.044) 
 
(0.015) (0.037) (0.052) 
Instructional level: up to elementary 
school instleveld1 0.001 -0.013 -0.013 
 
0.003 0.000 0.000 
 
 
(0.007) (0.017) (0.031) 
 
(0.008) (0.021) (0.036) 
Class size 18-24 clsize_m 0.019*** 0.014* 0.014 
 
0.014* 0.006 0.006 
 
 
(0.007) (0.008) (0.015) 
 
(0.007) (0.010) (0.019) 
Class size >25 clsize_l 0.002 0.011 0.011 
 
0.001 -0.011 -0.011 
 
 
(0.008) (0.010) (0.019) 
 
(0.008) (0.013) (0.024) 
Percent. minority students: less 10% minority_d1 0.040*** -0.027 -0.027 
 
0.029*** -0.041 -0.041 
 
 
(0.010) (0.026) (0.055) 
 
(0.011) (0.033) (0.056) 
Percent. minority students: 10-25% minority_d2 0.039*** 0.015 0.015 
 











(0.010) (0.025) (0.058) 
 
(0.011) (0.031) (0.054) 
Percent. minority students: 25-50% minority_d3 0.029*** 0.010 0.010 
 
0.017 -0.002 -0.002 
 
 
(0.010) (0.024) (0.051) 
 
(0.010) (0.030) (0.052) 
Percent. minority students: 50-75% minority_d4 0.038*** 0.016 0.016 
 
0.034*** 0.005 0.005 
 
 
(0.010) (0.021) (0.039) 
 
(0.011) (0.026) (0.043) 
Mean school ses meanses 0.045*** 0.018 0.018 
 
0.002 0.031 0.031 
 
 
(0.008) (0.021) (0.032) 
 
(0.008) (0.024) (0.037) 
 
 
0.027 0.011 0.011 
 
0.003 0.035 0.035 
Prescore Lpre_c_cs 0.779*** 0.162*** 0.162*** 
     
 
(0.004) (0.010) (0.015) 
     
 
0.787 0.164 0.164 
    Constant Constant 0.059** 0.079 0.079 
 
0.100*** 0.071 0.071 
 
 
(0.024) (0.066) (0.087) 
 
(0.025) (0.085) (0.106) 
Observations N 36,122 36,122 36,122 
 
36,122 36,122 36,122 
R-squared R-2 0.735 0.033 0.878 
 
0.010 0.003 0.306 
Adj.R2 Adj.R2 0.735 0.0322 0.798 
 
0.00863 0.00241 -0.147 











17-Table 5.3. The determinants of reading achievement. Longitudinal estimates. 
  Reading achievement-Levels  Reading achievement-Gains 
 
 Pooled Fixed effects 
Fixed effects  
+Multilevel  Pooled Fixed effects 




NW.PE NW.FE NW.FE.CL 
 
NW.PE NW.FE NW.FE.CL 
 
 
cs_r cs_r cs_r 
 
Gcs_r Gcs_r Gcs_r 
Experience tchexp_r -0.080** -0.050 -0.050 
 
-0.100** -0.108* -0.108 
 
 
(0.040) (0.044) (0.098) 
 
(0.041) (0.062) (0.158) 
 
 
-0.017 -0.011 -0.011 
 
-0.049 -0.052 -0.052 
Experience, Squared tchexp2_r 0.004*** 0.003** 0.003 
 
0.004*** 0.005*** 0.005 
 
 
(0.001) (0.001) (0.003) 
 
(0.001) (0.002) (0.005) 
Education: MA degree or higher tcheduc_d_r 0.108 0.303 0.303 
 
0.078 0.524 0.524 
 
 
(0.224) (0.258) (0.521) 
 
(0.234) (0.363) (0.837) 
Type of certificate: Regular or Highest tchcert_r -0.568* -0.308 -0.308 
 
-0.346 -0.290 -0.290 
 
 
(0.344) (0.405) (0.964) 
 
(0.357) (0.552) (1.436) 
Catholic School catholic 2.023*** 4.869*** 4.869* 
 
2.406*** 8.418*** 8.418** 
 
 
(0.436) (1.794) (2.701) 
 
(0.459) (2.409) (4.078) 
Private School privatenc 1.498*** -2.233 -2.233 
 
1.310** -2.765 -2.765 
 
 
(0.516) (2.238) (3.529) 
 
(0.538) (2.566) (4.104) 
Enrollment: 150-199 schlsized2 -1.426*** -2.858*** -2.858 
 
-1.165** -4.691*** -4.691 
 
 
(0.529) (0.968) (2.479) 
 
(0.548) (1.341) (4.237) 
Enrollment: 300-499 schlsized3 -0.734 -2.736*** -2.736 
 
-0.512 -3.366** -3.366 
 
 
(0.529) (1.047) (2.604) 
 
(0.548) (1.458) (4.508) 
Enrollment: 500-749 schlsized4 -2.211*** -3.637*** -3.637 
 
-1.962*** -5.925*** -5.925 
 
 
(0.554) (1.118) (2.796) 
 
(0.575) (1.542) (4.731) 
Enrollment >750 schlsized5 -0.687 -0.673 -0.673 
 
-0.344 -0.393 -0.393 
 
 
(0.577) (1.167) (2.852) 
 
(0.598) (1.610) (4.881) 
Instructional level: up to elementary 
school instleveld1 0.779** 0.260 0.260 
 
0.850*** 3.566*** 3.566 
 
 
(0.310) (0.723) (1.696) 
 
(0.324) (0.974) (2.805) 
Class size 18-24 clsize_m 2.142*** 2.333*** 2.333*** 
 
1.957*** 2.277*** 2.277* 
 
 
(0.272) (0.332) (0.774) 
 
(0.279) (0.442) (1.225) 
Class size >25 clsize_l -0.077 0.243 0.243 
 
-0.785** -1.981*** -1.981 
 
 
(0.334) (0.430) (1.102) 
 
(0.348) (0.587) (1.744) 
Percent. minority students: less 10% minority_d1 1.244*** 1.223 1.223 
 
1.511*** 1.681 1.681 
 
 
(0.416) (0.987) (2.003) 
 
(0.433) (1.385) (3.672) 
Percent. minority students: 10-25% minority_d2 0.953** 1.255 1.255 
 











(0.414) (0.962) (1.887) 
 
(0.430) (1.328) (3.423) 
Percent. minority students: 25-50% minority_d3 0.599 1.221 1.221 
 
0.716* -0.105 -0.105 
 
 
(0.389) (0.957) (1.833) 
 
(0.403) (1.281) (3.176) 
Percent. minority students: 50-75% minority_d4 1.390*** 2.297*** 2.297 
 
1.286*** 1.631 1.631 
 
 
(0.398) (0.871) (1.609) 
 
(0.413) (1.139) (2.585) 
Mean school ses meanses 1.932*** 0.806 0.806 
 
0.574* -5.500*** -5.500** 
 
 
(0.314) (0.905) (1.582) 
 
(0.328) (1.090) (2.208) 
Prescore Lprecs1_r 0.692*** -0.174*** -0.174*** 
     
 
(0.006) (0.009) (0.015) 
     
 
0.596 -0.150 -0.150 
    Constant Constant -16.170*** -101.866*** -101.866*** 
 
8.054*** 5.404 5.404 
 
 
(1.097) (2.703) (4.368) 
 
(1.027) (3.352) (6.525) 
Observations N 35,052 35,052 35,052 
 
35,052 35,052 35,052 
R-squared R-2 0.835 0.886 0.930 
 
0.076 0.070 0.293 
Adj.R2 Adj.R2 0.835 0.886 0.884 
 
0.0751 0.0689 -0.175 











18-Table 5.4. The determinants of math achievement. Longitudinal estimates. 
 
  Mathematics achievement-Levels  Mathematics achievement-Gains 
 
 Pooled Fixed effects 
Fixed effects  
+Multilevel  Pooled Fixed effects 




NW.PE NW.FE NW.FE.CL 
 
NW.PE NW.FE NW.FE.CL 
 
 
cs_m cs_m cs_m 
 
Gcs_m Gcs_m Gcs_m 
Experience tchexp_m -0.102*** -0.054 -0.054 
 
-0.106*** -0.112** -0.112 
 
 
(0.029) (0.033) (0.076) 
 
(0.029) (0.044) (0.105) 
 
 
-0.027 -0.014 -0.014 
 
-0.070 -0.074 -0.074 
Experience, Squared tchexp2_m 0.003*** 0.002* 0.002 
 
0.004*** 0.004*** 0.004 
 
 
(0.001) (0.001) (0.002) 
 
(0.001) (0.001) (0.003) 
Education: MA degree or higher tcheduc_d_m 0.325** 0.773*** 0.773** 
 
0.334** 0.956*** 0.956* 
 
 
(0.163) (0.191) (0.385) 
 
(0.165) (0.251) (0.542) 
Type of certificate: Regular or Highest tchcert_m -0.927*** -1.015*** -1.015* 
 
-0.974*** -1.544*** -1.544* 
 
 
(0.245) (0.288) (0.614) 
 
(0.249) (0.376) (0.871) 
Catholic School catholic -0.154 1.421 1.421 
 
0.108 3.569** 3.569 
 
 
(0.306) (1.421) (1.694) 
 
(0.312) (1.750) (2.171) 
Private School privatenc -0.044 0.179 0.179 
 
-0.025 -0.937 -0.937 
 
 
(0.364) (1.674) (2.108) 
 
(0.372) (1.830) (2.255) 
Enrollment: 150-199 schlsized2 -0.343 0.220 0.220 
 
-0.261 -0.304 -0.304 
 
 
(0.371) (0.671) (1.744) 
 
(0.375) (0.912) (2.300) 
Enrollment: 300-499 schlsized3 0.196 0.566 0.566 
 
0.259 1.348 1.348 
 
 
(0.373) (0.725) (1.765) 
 
(0.377) (0.999) (2.428) 
Enrollment: 500-749 schlsized4 -0.854** -1.065 -1.065 
 
-0.812** -0.923 -0.923 
 
 
(0.390) (0.776) (1.884) 
 
(0.394) (1.067) (2.616) 
Enrollment >750 schlsized5 0.054 1.438* 1.438 
 
0.138 2.644** 2.644 
 
 
(0.409) (0.812) (1.962) 
 
(0.413) (1.101) (2.716) 
Instructional level: up to elementary 
school instleveld1 0.581*** 1.599*** 1.599 
 
0.610*** 3.032*** 3.032** 
 
 
(0.223) (0.545) (1.215) 
 
(0.226) (0.633) (1.491) 
Class size 18-24 clsize_m 1.472*** 1.579*** 1.579*** 
 
1.391*** 1.548*** 1.548** 
 
 
(0.196) (0.245) (0.544) 
 
(0.197) (0.302) (0.735) 
Class size >25 clsize_l -0.161 0.299 0.299 
 
-0.479** -1.569*** -1.569 
 
 
(0.239) (0.315) (0.757) 
 
(0.242) (0.400) (1.024) 
Percent. minority students: less 10% minority_d1 0.231 -0.158 -0.158 
 











(0.306) (0.733) (1.399) 
 
(0.310) (0.985) (2.135) 
Percent. minority students: 10-25% minority_d2 0.147 0.718 0.718 
 
0.143 0.591 0.591 
 
 
(0.304) (0.721) (1.324) 
 
(0.308) (0.940) (2.019) 
Percent. minority students: 25-50% minority_d3 0.020 0.208 0.208 
 
0.035 -0.078 -0.078 
 
 
(0.288) (0.711) (1.304) 
 
(0.292) (0.899) (1.913) 
Percent. minority students: 50-75% minority_d4 0.967*** 1.051 1.051 
 
0.968*** 0.505 0.505 
 
 
(0.294) (0.646) (1.194) 
 
(0.297) (0.771) (1.622) 
Mean school ses meanses 1.120*** 0.366 0.366 
 
0.555** -4.383*** -4.383*** 
 
 
(0.226) (0.614) (1.094) 
 
(0.230) (0.720) (1.379) 
Prescore Lprecs1_m 0.840*** -0.000 -0.000 
     
 
(0.005) (0.009) (0.016) 
     
 
0.697 -0.000 -0.000 
    Constant Constant -6.827*** -72.191*** -72.191*** 
 
3.214*** -2.573 -2.573 
 
 
(0.794) (2.038) (3.153) 
 
(0.726) (2.339) (3.880) 
Observations N 36,014 36,014 36,014 
 
36,014 36,014 36,014 
R-squared R-2 0.870 0.903 0.943 
 
0.138 0.127 0.364 
Adj.R2 Adj.R2 0.870 0.903 0.906 
 
0.138 0.126 -0.0530 















cs_c cs_r cs_m 
Observations per group 2.5 2.5 2.5 
R-squared 
   Within 0.0330 0.8856 0.9027 
Between 0.8249 0.4180 0.5125 
Overall 0.6880 0.6439 0.6978 
Corr(u_i, Xb) 0.8319 -0.1730 -0.0658 
P>F 0.0000 0.0000 0.0000 
Sigma 
   _u 0.7278 25.8560 19.2050 
_e 0.4032 15.7700 11.7500 
Rho 0.7652 0.7288 0.7278 
Hausman Test 
   Chi2 10898.3 19965.1 18709.3 















ESTIMATION OF NON-COGNITIVE ACHIEVEMENT: THE PRODUCTION 




This chapter addresses the production of behavioral or non-cognitive skills. Equations 9, 
10 and 14 in the methodology chapter hypothesize that the production of non-cognitive skills is a 
function of individual, family, school and teacher variables. The analyses focus on the 
importance of teacher characteristics and school level variables in determining scores in the 
following non-cognitive outcomes: the non-cognitive skills index, the internalizing and 
externalizing behavioral problems, and the student’s self-control, as reported by the teacher. I use 
the same analytical sample as in Chapter V, composed of students in grade levels K, Spring, to 
5
th
. The information from the non-cognitive assessment of student skills in the first wave of 




To complement the analysis of the production of these four non-cognitive variables, I 
include a separate analysis of the production of other non-cognitive skills in school at the end of 
the chapter. In particular, I analyze the relationship between school factors and the students’ 
reported internalizing behavioral problems (available in grade-levels 3 to 5), and their locus of 
control and self-concept (available in 8
th 
grade). These analyses are run and discussed separately 
from the main analyses because the analytical samples and specification equations are different 
from the ones presented in section 6.3 and 6.4
176
. The student results are not fully comparable 
with the ones obtained using the teachers’ reports of the students’ behavior, and need to be 
viewed with caution, but aim at providing a broader understanding of the production of non-
cognitive skills. 
The empirical estimation of the determinants of non-cognitive achievement is 
implemented using a sequential process, utilizing different estimation methods and specification 
equations
 177
. First of all, I estimate the determinants of non-cognitive achievement for the cross 
sections independently. Secondly, I estimate the pooled model. Thirdly, I estimate the FE model. 
Fourthly, the FE with school random effects specification is utilized. The discussion provides a 
comprehensive description of the relationships between educational outputs and inputs, and of 
the conditions under which the findings are stable and unbiased.  
The results in the tables are presented for unweighted observations, for variables in levels 
and in gains. The covariates of interest are teacher experience, education and type of teaching 
certificate, and the following school characteristics: type of school, comparing public schools to 
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 See more details in Section 6.5. 
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 In order to assess potential mediating effects of individual and school variables, I also estimated the models 
progressively incorporating explanatory variables (individual, school and teacher level) into each model. For 
improving the clarity in the discussion of the various results, these estimates are not included in the discussion of the 




Catholic and other private non-Catholic schools; instructional level, comparing elementary 
schools with combined schools; school size, which compares schools of larger number of 
students with schools with less than 149 students; class size, which allows us to compare 
students in medium (18 to 24 students) or large classes (25 or more students) to students in small 
size classes (less than 17); and school composition in terms of proportion of minorities 
(comparing schools with a lower proportion of minority students to schools where more than 75% 
of students come from a minority ethnicity) and mean socioeconomic status of the school. All the 
models control for individual and family characteristics, as well as the student’s prescore.   
The dependent variables are measured in different units. The non-cognitive skills index is, 
by construction, a standardized variable (for the analytical sample, mean is approximately 0.04, 
and standard deviation is approximately 0.8, unweighted descriptive statistics). The components 
of the non-cognitive skills index, the internalizing and externalizing behavioral problems, and the 
student’s self-control, as reported by the teacher, are measured using the original measurement 
scale in the dataset (means are 1.59, 1.64, and 3.22 respectively). The discussion of the results is 
based on the specification where the outcome variable is expressed in levels i.e., the standardized 
indices (versus variables in gains), and the prescore (taken one or two years before) is an 
explanatory variable in the right hand side of the equation. All educational inputs described 
above are included in the estimation (full model). The coefficient of the prescore variable takes 
account of the debate on value added and learning dynamics, and it is the single individual level 
covariate interpreted in the discussion of the results. Estimates are corrected for potential 
heteroskedasticity. Statistical problems associated with multicollinearity are tested and the 
results suggest absence of multicollinearity problems.
178
. 
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 These two last comments are assessed and corrected by using the robust option for all the estimations and by 




6.2. Organization of the discussion of empirical findings 
The description of empirical results below is organized as follows.  
In section 6.3, I discuss the results for the estimates of the associations of the educational 
inputs and the non-cognitive skills index. Using this outcome, I first explain the cross-sectional 
estimates corresponding to students in third grade (section 6.3.1). Afterwards, the pooled point 
estimates are described, and compared to the cross-sectional estimates (section 6.3.2). In the 
following section (section 6.3.3) I present the results from the estimation using students’ fixed 
effects. In section 6.3.4 I discuss the findings obtained using the multilevel fixed effects 
estimation method. In each section, I briefly describe any significant findings observed in the 
value added specifications.     
In section 6.4, I examine the estimates of the specifications for the components of the 
non-cognitive skills index, i.e., the student’s internalizing (section 6.4.1) and externalizing 
behavioral problems (section 6.4.2), and their self-control (6.4.3), as reported by the teachers. 
The estimates of interest in this section are obtained using the pooled, fixed effects and 
longitudinal multilevel models, for students in grade-levels K to 5
th
. 
In section 6.5 I examine the production of additional variables that can complement the 
statistical analysis of the non-cognitive skills in the production of education. I use the self-
concept and locus of control variables as the dependent variables in the estimated models (see 
section 6.5.1). As explained in Chapter IV, these variables are available only for students in the 
last wave in the study (8
th
 grade), which means that the only possible estimations are cross 
sectional estimates for students in 8
th
 grade (with no prescore in the specification). Also, the 
longitudinal estimates of the determinants of changes in self-reported internalizing behavioral 










. The analytical samples used to estimate these models are limited to the maximum 
number of observations available for each specification, and are different from the analytical 
sample that supports the rest of the analyses in this chapter. 
Finally, section 6.6 presents some evaluation of the statistics of the estimated models, that 
allow consideration of the appropriateness of utilizing the different identification strategies. 
 
6.3. Non-cognitive skills composite index (Analytical results-I) 
The discussion of the results starts with the analysis of the cross-sectional estimations 
using one of the waves in the analytical dataset. Although, as argued in the Methodology chapter 
(Section 3.3.1), the statistical properties of these estimates are not optimal, it is important to 
begin with the cross-sectional results for the following reasons. In most cases, empirical research 
on the production of education uses statistical information that is available for a group of 
students at a single period of time. The OLS results for students in 3
rd
 grade act as the benchmark 
estimates of this research, which can be compared to other empirical works in this field. Also, 
the findings can be compared to the results obtained using alternative statistical frameworks like 
the ones specified in this study, which would be useful to assess potential biases associated with 
the importance of the educational inputs in enhancing skills, when the assumptions about the 
model are not met or supported by the statistical dataset. The analyses are expected to reinforce 
the necessity of being aware of potential biases arising in cross-sectional estimates, especially 
when using the research to inform educational policy. The comparison of results aims at building 
reasonable and statistically documented confidence intervals for the importance of school level 





6.3.1. Cross sectional estimates 
The estimates corresponding to the determinants of the index that represents the non-
cognitive skills are shown in Table 6.1, columns 1 to 4. The items that compose the non-
cognitive skills index are the internalizing behavioral problems, the externalizing behavioral 
problems, and the student’s self -control, as reported by the teachers179. The comments below 
correspond to the estimates for students in 3
th
 grade (column 3). The results are not necessarily 
representative of the other grade levels, and indeed estimated associations  may identify spurious 
associations. Some of the observed patterns across grades are pointed out below. 
The relationship between the outcome and the teacher’s variables 
As reported in the table, an increase of one standard deviation in teacher’s experience is 
associated with a 0.063 standard deviation increase in the student’s non-cognitive skills index.  A 
student whose teacher has a regular or higher type of certification, compared to a student whose 
teacher has other type of certificate, would score 0.066 standard deviations less in the non-
cognitive skills index. One explanation for these findings would be that the cross-sectional 
estimates are the result of heterogeneous teacher effects across subpopulation groups, for 
instance, which would lead to average estimated coefficients that are statistically not 
distinguishable from zero. Also, some degree of sorting of teachers into classes (for instance, if 
the most experienced teachers sought to teach the best students) or students’ sorting (for instance, 
if the worst students were taught by the teacher with the lowest certifications) could affect the 
estimates. Other explanations for these coefficients would be presence of measurement error, and 
some types of sorting of students or selection of teachers into particular types of classes, that 
would cancel any effects of the teachers on the children’s outcomes. 
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The relationship between the outcome and the school level variables 
Students in Catholic schools, compared to students in public schools, have a higher score 
in the non-cognitive skills index (0.117 standard deviations). Also, there is a positive association 
between the index and being in a medium size class, compared to being in a small class 
(coefficient is 0.048).
180
 This may reflect the common practice of assigning problematic students 
to smaller classes. In terms of school size, students in schools with more than 150 students are 
reported to have, on average, higher non-cognitive skills scores than students in a small school 
(with less than 149 students). The associated coefficients for the school size categories vary 
between 0.104 and 0.154. According to the estimates, students in schools with a proportion of 
minority students between 10 and 25% underscore students in schools with larger proportion of 
minorities. These coefficients are not free from the problems mentioned above: sorting of 
students, measurement bias and heterogeneous effects. 
The relationship between the outcome and the pre-score 
The relationship between the current score and the previously obtained score (prescore) 
suggests that there is a positive correlation among them. The size of the estimated coefficient 
indicates that a one-standard deviation increase in the prescore is associated with a 0.424 
standard deviations increase in the current score. This association is much weaker than the 
described for the cognitive skills. 
The stability of coefficients across grade-levels 
Although, in general, the associations described for grade-level 3 would hold for most of 
the grade-levels (see the estimated coefficients in columns 1 to 5, Table 6.1), the comparison of 
the estimates across grades suggests that there are some differences in the associations between 
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 The coefficient reported by Dee and West (2011), for students in 8
th
 grade is opposite to this result. They report 




educational inputs and the non-cognitive index across the different grade levels. The coefficients 
suggest some opposite associations, such as the relationship between teachers’ type of certificate 
and the outcome in grade-levels K and 1
st
. As Figure 6.1 shows, the associations between the 





only statistically significant for 1
st
 grade students. Figures 6.2 and 6.3 show the coefficients 
across grade-levels for type of school. The size of the coefficients are larger for higher grade-
levels (close to 0.10 standard deviations in grade 5
th
). Figures 6.4 and 6.5 represent the 
association between the class size dummies and the non-cognitive skills index across grades, 
which show no obvious pattern. 
The determinants of value added 
Columns 5 to 8 contain the estimates of the model specified for the dependent variables 
measured in gains or value added. As mentioned earlier, this specification is less preferred than 
the specification where the dependent variable is measured in levels because the gains are 
measured over different periods of time across the survey (i.e., two year periods after first grade). 
Also, the estimation of the rate of decay of knowledge or the prescore’s coefficient was not equal 
to one, which is implicitly assumed in this model. However, the estimates are also interesting 
because they help to contextualize the estimates and assess potential biases when comparing the 
findings from different statistical methods (see Table 3.1). 
Overall, the results are similar to the estimates of the in-levels model, but the sizes of the 
coefficients of the in-gains model are larger. As in the previous comments, the results suggest 
positive associations between the gains in the non-cognitive skills index and the following 
predictors, for students in 3
rd
 grade: type of school (students in Catholic and private versus 




respectively); and school size (students in larger schools compared to students in smaller schools, 
associated coefficients between 0.135 and 0.184). The findings suggest negative relationships 
between the outcome and the type of certification the teacher holds (regular or higher compared 
to lower); and certain proportions of concentration of minority students (compared to highly 
segregated schools, the associated coefficient for students in schools where the proportion of 
minorities is between 10 and 25% is lower at -0.101 standard deviations). Some of the findings 
could be attributable to selection and heterogeneity problems, as mentioned in the discussion of 
the in-levels specifications. 
 
6.3.2. Pooled estimates 
The pooled estimates of the determinants of the non-cognitive skills for students in 
grades K to 5
th
 are shown in Table 6.2, column 1. As explained in the methodology section, this 
estimation ignores the lack of independence between observations, arising from the fact that 
there are multiple observations for a person over time, and that there are multiple observations 
for students in the same school. 
The relationship between the outcome and the teacher variables 
Using the pool of observations available in the dataset, we observe a positive association 
between teacher’s experience and the student’s non-cognitive skills index. In particular, an 
increase of one standard deviation in the experience of the teacher is associated with a 0.053 
standard deviations increase in the index. The relationship is concave, as suggested by the 
negative coefficient associated with the squared variable. The interpretation of the finding would 




could sought and could choose to teach the best behaved students. As commented earlier, the 
findings could be heterogeneous across subpopulation groups. 
The relationship between the outcome and the school level variables 
The pooled estimates suggest several notable relationships between the non-cognitive 
skills index and some school level variables. The point estimates associated with the type of 
school variables suggest that, compared to students in public schools, students in Catholic 
schools would score higher and students in private non-Catholic schools would score lower in 
the non-cognitive skills (coefficients are 0.040 and -0.031 standard deviations). As mentioned 
before, over the different grade-levels, no clear pattern was observed for the cross-sectional 
coefficients and the pooled coefficients reflect that. We estimate a positive association between 
the index and students attending combined schools, compared to students in elementary schools. 
In particular, the score for students in an elementary school is 0.025 standard deviations higher 
than the score of students in a school with comprehensive grade coverage versus separate schools 
(called combined schools in this study), on average. In terms of school size, students in schools 
with more than 150 students are reported to have, on average, higher values of the non-cognitive 
skills index than students in a small school (with less than 149 students). The associated 
coefficients for the school size categories vary among 0.034 and 0.053 standard deviations. 
According to our estimates, students in medium or large class sizes seem to have higher scores 
than students in small classes. The coefficients are statistically significant but small (0.016 and 
0.019 respectively). The estimates are not able to disentangle the pure school effects and the 
effects due to sorting of students within schools, which would be problematic if the reasons 





The relationship between the outcome and the pre-score 
The relationship between the current score with the previously obtained score (prescore) 
suggests a strong positive correlation between them. The size of the estimated coefficient 
indicates that for a one standard deviation increase in the pre-score, the current score would 
increase by 0.497 standard deviations.  
The relationship between the outcome and the value added 
When looking at the pooled estimates in the in-gains specification (column 4, Table 6.2), 
some of the relationships that were statistically significant before –for instance, the teacher level 
associations- are not anymore. For this model, we only observe statistically significant 
associations between gains in non-cognitive skills index and the size of the school. In particular, 
gains of students in larger schools are larger compared to students’ in small schools (coefficients: 
0.055 to 0.063 standard deviations). 
 
6.3.3. Longitudinal estimates 
The estimates corresponding to the effects of school level variables on the non-cognitive 
skills index for students in grade levels K to 5
th
 are shown in Table 6.2, column 2.  
The FE estimation uses information from students whose school characteristics change 
over time, and therefore, the point estimates indicate how a change in a given school input would 
impact the students’ achievement, on average (limitations of this interpretation are found in 
section 3.5). In general, the associated coefficients for school and teachers’ characteristics tend 
not to be statistically significant, even when the cross-sectional effects were. One potential 
explanation to keep in mind along these interpretations, as Allison (2009) suggested, is that “the 




the predictor variable has little variation over time”, which leads to less precise and statistically 
insignificant estimated coefficients. Also, FE does not rule out biases associated with the 
existence of time variant factors that may promote changes in school factors for particular types 
of students, and are also correlated with changes in non-cognitive achievement (see Moretti, 
2004, for a similar argument in the context of externalities, and section 3.5). 
The effect of teacher’s variables 
As reported in the table, for those students whose teacher’s experience increases by one 
standard deviation, their non-cognitive skills outcome would increase by 0.078 standard 
deviations. The effect would decrease for higher years of experience, since the relationship is 
concave. A change in teacher’s education and type of certificate do not seem to be statistically 
significantly associated with changes in the students’ non-cognitive skills index, on average. 
However, a concern with these estimates is whether the students’ whose teachers’ characteristics 
changed were a certain group of students with some particular characteristics related with the 
outcome.  
The effect of school level variables 
According to the estimates, the non-cognitive skills index of students who are moved 
from a public to a private non-Catholic school would decrease by 0.332 standard deviations.  
This is one of the relatively large coefficients. One potential explanation for the size of the 
coefficient is that teachers in different school types may have different rating scales or 
expectations about the non-cognitive behavior of students. Similarly, the students’ score would 
decrease by 0.053 standard deviations after a transition from an elementary to a combined school. 
The estimates suggest a statistically significant effect of class size on the non-cognitive skills 




non-cognitive skills decreased by 0.020 standard deviations (a similar coefficient is obtained for 
the large class-size variable, with a t-ratio of 1.67). This coefficient is comparable to Dee and 
West (2011) in the direction, although their coefficient was larger (0.05 to 0.09), for students in 
8
th
 grade. As suggested by the coefficients associated with the school composition dummies, 
moving from a school where the proportion of minority students is very high (>75%) to a school 
with fewer students from minority groups would cause an increase in the student’s non-cognitive 
skills index (the coefficients vary between 0.066 and 0.105 standard deviations). Other school 
variables were not found to have any statistically significant impact on the student’s non-
cognitive skills index. As mentioned before, a concern with these estimates is whether the 
students’ whose class or type of school’ characteristics differed over the waves were a certain 
group of students with some particular characteristics related with the outcome, i.e., whether 
sorting within schools was occurring and associated with the outcome. 
The effect of the pre-score 
The negative coefficient associated to this variable suggests that a change in the 
previously obtained score (prescore) would have a negative impact on the current score, of - 
0.134 standard deviations for a change of one standard deviation in the pre-score. This 
coefficient is different from the FE estimate of the pre-score for the cognitive skills index (0.164). 
As discussed in section 3.4, the negative sign indicates mean reversion effect. 
The determinants of value added 
Columns 4 to 6 in Table 6.2 contain the estimates of the model specified in gains or value 
added. The coefficients suggest that there is a statistically significant impact of teacher’s 
education on the student’s non-cognitive index change. In particular, on average, for students 




non-cognitive score gains decrease by 0.035 standard deviations, which may indicate negative 
selection of weaker teachers trying to compensate their relative disadvantage with more 
education. The effect of class size is more noticeable in this specification. Among students 
whose class size changed from small to large, their non-cognitive score would decrease by 0.04 
standard deviations (this coefficient is closer to Dee and West’s). The effect of the student 
composition of the school keeps the sign and interpretation of the previous comments, but it is 
only statistically significant for students in schools where the proportion of minority students is 
between 25-50%. The effect of being in a private non-Catholic school, which was relatively 
strong in the specification in which the dependent variable was measured in levels, is as strong as 
the shown in Table 6.2, column 2: the non-cognitive gains of students who are moved from a 
public to a private school are -0.345. As hypothesized before, this may be due to the different 
rating of the non-cognitive skills in private and public schools. 
 
6.3.4. Longitudinal -multilevel estimates 
The estimation using multilevel-FE acknowledges that some students are in the same 
schools, which controls for the structure of ECLS-K and the analytical sample. In particular, the 
estimations address the lack of independence between observations due to the fact that they 
belong to the same individual over time (FE, as section 6.3.3), and that they belong to students 
clustered in schools. The effect of this procedure is to adjust the standard errors, because they 
increase and lead to lower precision of the empirical estimates. 
The empirical findings associated with the correction of the standard errors of the point 
estimates due to the clustering of students within schools eliminates most of the teacher and 




errors and diminishing the precision of the empirical estimates. The results are shown in Table 
6.2, third column. 
The effect of teacher’s variables 
The effect of being taught by a more experienced teacher suggests, as in the fixed effects 
model, that for those students whose teacher’s experience increases by one standard deviation, 
their non-cognitive skills outcome would increase by 0.078 standard deviations. The effect 
would decrease for higher years of education, since the relationship is concave. 
The effect of school level variables 
According to the estimates, the impact of a change of school from public to private non-
Catholic will still decrease the student’s score (0.332 standard deviations). As before, students 
moving from highly segregated schools to schools were the proportion of minority students is 
between 25 and 50% will increase the score by 0.105 standard deviations. 
The effect of the pre-score 
The negative coefficient associated to this variable suggests that a change in the 
previously obtained score (prescore) would have a negative impact on the current score, of 0.134 
standard deviations for a change of one standard deviation in the pre-score.  
The determinants of value added 
In column 6 of Table 6.2, the only statistically significant coefficient is the point estimate 
of the private non-Catholic school. On average, the change in the gain in the score of students 






6.4. Internalizing behavior problems score, externalizing behavior problems score, and 
self-control (Analytical results-II) 
The non-cognitive skills index was built using three variables: the teacher’s reported 
score on student’s internalizing and externalizing behavioral problems, and self-control. This 
section examines the results of the estimates using the separate components of the non-cognitive 
skills index, instead of the overall index. The analyses look at specific associations and effects 
that may exist between some of the educational inputs and specific measures of non-cognitive 
skills, and study their production more closely than what the variables in the previous section 
permitted. Tables 6.3 to 6.5 show the results of the longitudinal estimations using the students in 
waves 1 to 6 (grades K to 5
th
). The discussion below focuses on the analysis in which the 
dependent variable is measured in levels (i.e., the score resulting from the teacher’s assessment), 
and the prescore is included in the specification (columns 1 to 3). The tables also show the 
results for the estimation of the gains in the different non-cognitive skills (columns 4 to 6). The 
three skills are measured using their original measurement scale.  
 
6.4.1. Internalizing behavioral problems score 
The internalizing behavior scale (ranging from 1 to 4) is constructed using the answers 
from the teachers on a set of four items about the potential presence of anxiety, loneliness, low 
self-esteem and sadness. The estimates corresponding to the determinants of internalizing 
behavioral problems for students in grades K to fifth are shown in Table 6.3, columns 1 to 3.
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 Columns 4 to 6 in Table 6.3 show the results for the specification, in which the dependent variable is measured in 
gains or value added. These coefficients are not described in the text, for clarity purposes. In this case, the results are 
similar to the described in the following paragraphs but the very low R squares suggest a poor fit of the model to the 
data, probably related to the problems constructing gains for indices across grades (some components in the 
internalizing behavioral problems index change over time, and the value added is constructed using gains 




According to the pooled estimates (Table 6.3, column 1), an increase in teacher’s 
experience of one standard deviation is associated with a decrease in the internalizing behavioral 
problems score of -0.039 standard deviations. Contrarily, students with a teacher with more than 
an MA degree, compared to students whose teacher has less than an MA degree, have, on 
average, more internalizing behavioral problems (0.015 more points in the scale). This result 
could be explained by four potential factors: one, teacher’s selection, under which the weakest 
teachers tend to compensate their lack of academic ability or effectiveness with higher education; 
two, students’ sorting, under which the weakest students would be taught by the most talented 
teacher; three, measurement error or invalidity of teacher education as a good indicator of 
teacher’s quality (this characteristic may not be revealing the intensity and quality of practical 
instructional time, which may be indirectly mediated by teacher’s qualification); and four, there 
are heterogeneous effects leading the average estimated coefficient. 
In terms of the school level associations with the outcome, the estimates suggest that 
students in Catholic schools, compared to students in public schools, have less internalizing 
behavioral problems (-0.030 less points). This can be a result of sorting of students into schools 
or different rating scales of teachers across different types of schools. The same relationship 
applies to students in combined schools, versus students in elementary schools (coefficient is -
0.024). Interestingly, students in medium and large classes seem to have fewer problems than 
students in small classes (coefficients are -0.017 and -0.020). Unfortunately, the estimates do not 
allow concluding if the association works that way, or whether the estimate may indicate a 
tendency of the school system to group certain types of students, more willing to have problems. 




Finally, the prescore coefficient suggests that there is a positive correlation among 
present and past scores. The size of the estimated coefficient indicates that for each additional 
point in the previous score, the individual would score 0.325 points higher in the current 
internalizing behavioral problems score (or 0.319 of a standard deviation for a 1 standard 
deviation increase in pre-score). This coefficient is weaker than the reported for the non-
cognitive skills index (0.487). 
The longitudinal estimates of coefficients for school level variables on internalizing 
behavioral problems scores, for students grades K to 5, are shown in Table 6.3, column 2. The 
FE estimation uses information from students whose school characteristics change over time, 
indicating how a change in a given school input would impact the student’s achievement 
(limitations of this interpretation are found in section 3.6). 
As reported in the table (column 2), a change in teacher’s experience of one standard 
deviation is associated with a decrease in the student’s internalizing behavioral problems score 
by -0.05 standard deviations. However, for those students whose teacher’s educational 
attainment increased from less than an MA degree to higher, their internalizing behavioral 
problems score increased, on average, by 0.017 points. 
The school level coefficients suggest that on average, a change from a public to a private 
non-Catholic school would increase the students’ problems by 0.208 points. But, this large 
coefficient could be explained by different rating scales of teachers in private and public schools, 
or also, be the result of poorer non-cognitive skills in the student, that drives his change into a 
more strict school environment, in theory. Among students in elementary schools who are moved 
to combined schools, the internalizing behavioral problems increase by 0.051 points on average. 




internalizing behavioral problems. On average, a change from a highly segregated school to a 
less segregated school is expected to cause a decrease in the student’s internalizing behavioral 
problems score between -0.051 to -0.072 points. A concern with the longitudinal estimates is 
whether the students’ whose class or type of school’ characteristics changed were a certain group 
of students with some particular characteristics related with the outcome. 
The negative coefficient associated with the prescore in the FE model suggests that a 
change in the previously obtained score (prescore) would have a negative impact on the current 
score, of -0.168 points (0.165 of a standard deviation), suggesting mean reversion. 
The empirical findings associated with the multilevel FE model (Table 6.3, column 3), 
after the correction of the standard errors of the point estimates due to the clustering of students 
within schools, eliminates any impact of teacher characteristics and most school characteristics 
on the student’s internalizing behavioral problems score, by increasing the standard errors and 
diminishing the precision of the empirical estimates (see column 3, Table 6.3). According to the 
estimates, the impact of a change of public to a private non-Catholic school would increase the 
student’s version by 0.208 points. Moving a student from a highly segregated school to a school 
where the proportion of minority students is between 25-50% would reduce the student’s score 
by 0.072 points. 
 
6.4.2. Externalizing behavior problems 
The estimates corresponding to the determinants of students’ externalizing behavioral 
problems are shown in Table 6.4, columns 1 to 3.
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 The externalizing behavior scale measures 
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children’s acting out behaviors reported by the teacher. The scale (ranging from 1 to 4) is 
constructed using rate of frequency with which a child argues, fights, gets angry, acts 
impulsively, disturbs ongoing activities and talks during quiet study time (this last item is only 
included in waves 5 and 6). Column 1 shows the OLS estimation of the determinants of 
externalizing behavioral problems scale for the pooled waves. Column 2 shows the FE estimates. 
Finally, column 3 corrects the standard errors by taking into account clustering of students within 
schools. 
The pooled estimates identify the following statistically significant associations between 
teacher characteristics and the externalizing behavioral problems (Table 6.4, column 1). An 
increase in teacher’s experience of one standard deviation would decrease the teacher’s 
perceptions of student’s problems by -0.05 standard deviations.  This coefficient was statistically 
significant for the internalizing behavioral problems estimates, but smaller (-0.039). 
Regarding the associations between the outcome and the school characteristics, I notice 
that on average, students in public schools have more problems than students in Catholic schools 
(coefficient equals -0.026 points) but fewer problems than students in private non-Catholic 
schools. Both of these could be due to selection effects. Students in schools with more than 500 
students, compared to small schools (less than 149 students) have more externalizing behavioral 
problems according to teachers (coefficients are 0.033 and 0.040). Compared to students in 
elementary schools, students in combined schools have fewer problems. Also, there is a negative 
association between the student’s problems and the school’s average socio-economic status. In 
particular, a one standard deviation increase in the school’s mean socio-economic status is 
associated with a 0.024 standard deviation decrease in the student’s problems. These estimates 
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are not able to adjust for biases in the estimates arising from selection or sorting of students into 
schools. 
The pooled estimates suggest a strong relationship between the prescore and the current 
score. An increase of one standard deviation in the prescore is associated with a 0.547 standard 
deviation increase in the current level of externalizing behavioral problems.  
The FE estimates (Table 6.4, column 2) also suggest a positive effect of teacher’s 
experience in diminishing the student’s externalizing behavioral problems, which could be also 
interpreted as an effect of teacher’s perception associated with experience. For each standard 
deviation increase in the teacher’s experience, the student’s problems would decrease by 0.089 
standard deviations.  
The school level coefficients suggest that on average, for students who changed from a 
public to a Catholic school their externalizing behavioral problems would increase by 0.079 
points, and to a private non-Catholic school would increase the students’ problems by 0.213 
points. The same concerns regarding selection and sorting mentioned before apply. Among 
students in small schools whose school size increases to between 150-299 students, the 
externalizing behavioral problems increase by 0.044 points on average. Also, the racial 
composition of the school seems to have an impact on the student’s externalizing behavioral 
problems. On average, a change from a highly segregated school to a less segregated school 
would be associated with a decrease in the student’s externalizing behavioral problems score by -
0.043 points (associated to the 25-50% proportion of minority dummy). Regarding the class size 
indicators, the estimates suggest that for students whose class size changed from small to a 
medium size class their problem’s score would increase by 0.025 points, and to a large size class 




a student to a school with higher mean socioeconomic status would decrease the student’s 
problems (in line with the argument by Rumberger and Palardy, 2005, although they focused on 
cognitive achievement). In particular, an increase in mean school socioeconomic status of one 
standard deviation would decrease the child’s problems by 0.034 standard deviations.  As stated 
earlier, a concern with these estimates is whether the students’ whose class or type of school’ 
characteristics changed were a certain group of students with some particular characteristics 
related with the outcome. 
The negative coefficient associated with the prescore in the FE model suggests that a 
change of one standard deviation in the previously obtained score (prescore) would have a 
negative impact on the current score, of -0.139 points (-0.141 standard deviations)., which 
indicates reversion to the mean. 
Table 6.4, column 3 shows the FE-multilevel estimates of the determinants of changes in 
the student’s externalizing behavioral problems score. The estimates suggest a positive 
association between teacher’s experience and a decrease in the student’s externalizing behavioral 
problems. For each standard deviation increase in the teacher’s experience, the student’s 
problems would decrease by -0.089 standard deviations. As in the FE estimates, the 
interpretation of the school type dummies hold. In particular, the coefficients suggest that on 
average, a change from a public to a Catholic school would increase the student’s externalizing 
behavioral problems by 0.079 points, and to a private non-Catholic school would be associated 
with an increase in the students’ problems of 0.213 points. This could be explained by the idea 
that Catholic schools are generally stricter on behavior and may set a higher standard because 






The self-control scale included items on control of attention as well as control of 
emotions and behavior in interactions. The self-control variable is constructed using four items 
that indicate the child’s ability to control behavior by respecting the property rights of others, 
controlling temper, accepting peer ideas for group activities, and responding appropriately to 
pressure from peers (ranges from 1 to 4). The estimates corresponding to the determinants of 
students’ self-control are shown in Table 6.5, columns 1 to 3. 183 
The pooled estimates (Table 6.5, column 1) of the determinants of the self-control score 
suggest the following relationships between the score and the teachers’ characteristics. On 
average, there is a positive association between teacher’s experience and the student’s self-
control. A one standard deviation increase is associated with an increase in the student’s self-
control of 0.058 standard deviations. The relationship is concave, i.e., the association is weaker 
for higher values of experience. On average, the students whose teachers certification is regular 
or high have higher self-control scores (coefficient 0.018 points), compared to students whose 
teacher’s certificate is another type of certificate. 
Regarding the association of school characteristics and the student’s self-control, the 
estimates suggest a negative association between the score and students in private non-Catholic 
schools, compared to students in public schools (coefficient 0.031). The results also suggest a 
positive association between school size and the outcome. Compared to students in small schools 
(less than 150 students), self-control of students in larger schools is higher (coefficient is 
between 0.028-0.048 points). Students in moderately/largely segregated schools (proportion of 
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minority students between 25 to 75%) have higher self-control scores than students in schools 
where the proportion of minority students is very high (0.029-0.035 points). This argument 
would be in line of the findings of Rumberger and Palardy (2005) for the cognitive achievement.  
Finally, the results suggest that the association between the prescore and the current self-
control score is positive. A one standard deviation increase in the pre-score is associated with a 
0.423 standard deviation increase in the current score.  
The longitudinal estimates (Table 6.5, column 2), which use the within student 
information to calculate the determinants of the student’s self-control, provide the following 
results. Regarding the teacher level characteristics, the results suggest a positive effect of 
teacher’s experience in increasing the student’s self-control. For each standard deviation increase 
in the teacher’s experience, the student’s score would increase by 0.063 standard deviations. 
In the FE estimates, student in private non-Catholic schools, compared to students in 
public schools have less self-control (-0.161 points less). But, this may just reflect that teachers 
in private schools’ expectations about the students self-control are higher than for students in 
public schools. The self-control of students who transition from an elementary school to a school 
offering elementary and middle school grades (called in this analyses combined instruction level 
schools) decreases (-0.044 points). In addition to non-random transitions, this may reflect that 
transitions between schools may have some consequences in some of the behavioral skills of the 
student. Moving from schools with a high concentration of minority students to a school with a 
lower proportion of minority student is positively associated with self-control (coefficient 
between 0.052-0.067 points). These estimates do not identify whether students’ whose teachers’ 




characteristics related with the outcome, which would bias the point estimates.  Also, they don’t 
reveal whether the schools changed or the student changed schools. 
A one standard deviation increase in the prescore has a negative effect on the current 
score, which decreases by -0.169 standard deviations, indicating mean reversion. 
The FE multilevel model causes the standard errors of the estimated coefficients to 
significantly increase, which erodes the statistical significant of most of the FE estimates. The 
students in private non-Catholic schools, compared to students in public schools have less self-
control (0.161 points less). As previously mentioned, the dependent variables are teacher 
perceptions. In some types of schools, e.g. Catholic, the teachers may have had higher 
expectations so that the same behaviors were given a different rating.  Also, more experienced 
teachers may have been less worried about problematic behavior and rated it lower for 
problematic students, among other subjective factors affecting the final student’s non-cognitive 
score. 
 
6.5. Other non-cognitive skills in ECLS-K (Analytical results-III) 
An extension of the previous analyses is incorporated into the discussion of the analytical 
results of the production of other non-cognitive skills in the school. These skills are separated 
from the main analyses because their availability is different from the previously analyzed skills 
(cognitive and non-cognitive). This section explores the production of three non-cognitive skills 
measured using the student’s self-reported information: self-concept, locus of control, and 
internalizing behavioral problems (see Sections 4.3.1 and 4.5 for more detailed definitions and 




are measured in levels, using the original measurement scale of the index. The details of each 
particular specification and estimation are explained below.  
 
6.5.1. Self-concept and locus of control 
Table 6.6 shows the results of the cross-sectional OLS estimates for students in 8
th
 grade, 
for whom two measures of non-cognitive variables whose validity has been largely assessed are 
available: the self-concept and the locus of control
184
. The self-concept and locus of control 
scales were adapted from the National Education Longitudinal Study of 1988. These scales asked 
children about their perceptions about themselves and the amount of control they had of their 
own life, and higher scores mean more positive self-concept and perception of control over one’s 
life. 
While these variables offer an interesting perspective to complement the analysis of the 
production of non-cognitive skills, since they better represent the children’s personality traits –
relatively to teacher assessments- their usage comes with some limitations: The variables are 
only available in 8
th
 grade, and no prescore is available, which introduces severe constraints with 
respect to the characteristics of the cross-sectional estimations used before (in which we could 
control for score in the previous period). Thus, any findings may indeed be a result of different 
estimation problems, mostly arising from individual unobserved factors mediating the teacher 
and school level point estimates (more than before, since there is not a control for the pre-score 
of the student).  
The first column on Table 6.6 shows the cross-sectional estimates of the production of 
self-concept, for students in 8
th
 grade, using their own perception of the components of this 
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behavioral index. The results suggest very few statistically significant associations between 
teacher and school level factors and the student’s self-concept. In addition to this, the adjusted R-
squared is low, suggesting this model is not able to explain much of the variation of the students’ 
self-control ratings. Compared to students in public schools, students in private non-Catholic 
schools’ self-concept score is 0.083 points lower. Students in large size classes have, on average, 
a higher self-concept score than students in small classes (0.061 points). Unfortunately, the 
findings do not allow us to distinguish between the effect of class size on the student’s score and 
the reverse, according to which students with higher self-concept of themselves could be placed 
in larger schools with no consequences on their scores, or whether the assignment of a student 
into a private school is not random but endogenous due to certain characteristics of the student. 
The second column on Table 6.6 provides the cross-sectional estimates for the 
determinants of locus of control using self-reported information of students in 8
th
 grade. 
Student’s locus of control in medium and large size classes is higher than that of students’ in 
small cases. On average, the associated coefficients are 0.044 and 0.074 points higher for 
students in medium and large size classes respectively. The same limitations described above 
regarding potential endogeneity and non-random selection of students into classes apply to these 
findings. As with the students’ self-control, the adjusted R-squared is low, suggesting this model 
is not able to explain much of the variation of the students’ locus of control ratings. 
 
6.5.2. Self-reported internalizing behavioral problems 
The insights offered by the analysis of the determinants of the student’s reported 
internalizing behavioral problems are interesting for understanding the differences among 




subscale includes eight items on internalizing problem behaviors such as feeling "sad a lot of the 
time", feeling lonely, feeling ashamed of mistakes, feeling frustrated and worrying about school 
and friendships (Manual, p. 2-6)
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which determines a different analytical sample from the one used in any other analysis. The OLS, 
FE and FE multilevel results of the determinants of the student’s reported internalizing 
behavioral problems are shown in Table 6.7. 
According to the OLS estimates (Table 6.7, first column), there is a positive association 
between the student’s internalizing behavioral problems and the educational attainment of the 
teachers. Students whose teacher has a MA degree or higher score, on average, 0.034 points 
higher than students whose teacher as a lower educational attainment. This association can be 
interpreted, once again, as a tendency for less effective teachers to seek higher qualifications, or 
the assignment of the more problematic students to teachers with higher qualifications 
(supposedly, more effective teachers).  
Compared to students in other settings, students in public schools have fewer 
internalizing behavioral problems, 0.077 points less than students in Catholic schools and 0.054 
points less than students in private non-Catholic schools. This association does not eliminate any 
effects from selection into this school or peer effects. In addition to this, these coefficient are 
opposite to the ones estimated using the teacher’s reported information.  The estimates suggest a 
positive association between school size and the student’s self-reported internalizing behavioral 
problems, indicating that students in larger schools report higher problems than students in small 
schools (less than 150 students). Interestingly, the school composition is associated with the 
student’s self-reported internalizing behavioral problems in the following directions: the higher 
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the proportion of minority students in the school, the more problems the students will report 
(coefficients vary between 0.121 and 0.095). Also, an increase in the schools’ mean 
socioeconomic status would be associated with a decrease in the students’ problems. The 
coefficient for this association indicates that a 1 standard deviation increase in the mean SES is 
associated with a -0.062 standard deviation decrease in the students’ score (in line with 
Rumberger and Palardy, 2005).  
The pre-score suggests that an increase of 1 standard deviation in the self-reported 
internalizing behavioral problems prescore would be associated with a 0.093 standard deviation 
increase in the current score. This association with the pre-score is the weakest that has been 
estimated in this chapter. This may suggest that the stability of the score over time is lower than 
for other non-cognitive skills, and knowing the value of the index one year is little predictive of 
the next year’s student’s perception of his internalizing behavioral problems.   
An examination of the FE estimates (Table 6.7, column 2), suggests a stronger 
association between the school size and the student’s reported internalizing behavioral problems. 
In particular, students in larger schools score, on average, between 0.087 and 0.158 points higher 
in the scale than a student in a small school, indicating more students’ problems on average. 
Similarly, the effect of the school composition in terms of proportion of minority students is also 
larger. For students who were moved from a highly segregated to a low segregated school (or 
whose school composition changed) their problems diminished by 0.183 points. However, 
moving a student from an elementary school to a combined school would have an impact on his 
problems of 0.057 points, indicating more internalizing behavioral problems, on average. Finally, 
the traditionally statistically significant effect of the prescore on the current score was not found 




Column 3 of Table 6.7 shows the results of estimating the model using FE and a 
multilevel model. According to the results, only the effect of school size (coefficients between 
0.112 and 0.158) and composition (for a comparison between students in a school with more 
than 75% of minority students and students in schools with less than 10% of minority students, 
associated coefficient equal to 0.183) remain as statistically significant effects of school 
variables on the student’s reported internalizing behavioral problems. 
 
6.6. Discussion about the models’ statistics 
6.6.1. The statistics in the fixed effects estimates 
The tables showing the results of the estimation of the associations and effects of the 
educational inputs on the cognitive skills index and its components (Tables 6.2 to 6.5) do not 
include some interesting statistics that describe the adequacy of the model to adjust the empirical 
information. The statistics describing the fixed effects models –see Table 6.2 to 6.5, second 
column, for the specifications in which the dependent variable is measured in levels and the 
prescore is included as a covariate- are explained in this section.  
Table 6.8 shows five parameters or statistics defining the fixed effects models. The 
columns show that the fixed effects models for the non-cognitive skills index, and student’s 
internalizing behavioral problems, externalizing behavioral problems, and self-control are 
estimated using 2.5 observations per student, on average (minimum 1, maximum 4, not reported). 
The second row shows the R-squared calculated using the within, between and overall variations. 
Notice that Tables 6.2 to 6.7 reported the within-R-squared as the default model’s R-squared, but 
the model’s full adjustment is defined by the overall R-squared, much higher186. An important 
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statistic is the correlation between the individual effects and the regressors. By definition, this 
correlation needed to be different from zero, which is observed across all the columns. The table 
also reports the intra-class correlation coefficient. This statistic reports what proportion of the 
total variation is explained by the unit effects (the remaining variation would be accounted for 
the time-varying variables). This statistic would assess whether it is important to control for the 
unit effects, compared to estimating a regression in which the students’ observations are 
considered independent from each other (what is done in the pooled estimate). Finally, the results 
for the Hausmann test are included in the last row in the table. This test evaluates whether the 
student’s fixed effects estimation is recommended, compared to the random effects estimation. 
The results suggest that the FE model is appropriate (Prob>Chi2 is lower than 0.05 for all 
models). 
According to the estimates, modeling the production of these non-cognitive skills using 
the fixed effects models –especially compared with the pooled estimates and the student-random 
effects model- is appropriate. This does not rule of biases in the estimates due to lack of random 
assignment of students into some type of classes and schools, and changes over time in any of 




This chapter has described the results of the second empirical analysis proposed in this 
dissertation, that focused on the “Estimation of non-cognitive achievement: educational 
production function for non-cognitive skills”. This research question has studied the production 




assessment of the students internalizing behavioral problems, externalizing behavioral problems, 
and self-control. The goal was to concatenate different statistical models (cross-sectional, student 
fixed effects and multilevel student fixed effects models) to assess the associations between these 
educational outcomes and the available school and teacher level inputs.  
Although several theoretical contributions confirming that non-cognitive skills could be 
considered outputs of the educational process existed, the empirical literature examining this 
association is scarce. This makes more difficult to contextualize the findings reported in this 
chapter, but they are a contribution to the empirical analyses of the importance of the teachers 
and schools for determining the development of personality, behaviors and social skills of 
students in schools. In this framework, some interesting associations have been identified.  
In general, we found more consistent associations between some of the teacher and 
school parameters with non-cognitive achievement than with cognitive performance. The idea of 
considering alternative measures of school and teacher quality and practices when modeling the 
production of education (see section 2.5.1) is valid for the current framework. If other 
educational inputs’ associations with students’ performance are stronger and have been excluded 
from the analysis, some of the identification assumptions in the models regarding measurement 
error and omitted variables would be compromised. Particularly, this would affect the 
assumptions of measurement error, non-omitted variables (especially time invariant), and 
random assignment. However, modeling the production of education using the appropriate inputs 
should be made in combination with the utilization of more comprehensive and sophisticated 
statistical models, such as the ones developed in this chapter. The evaluation of the statistics 




Focusing on the longitudinal estimates, we noted that, on average, students’ non-
cognitive skills –as defined by the restricted non-cognitive skills index- are higher if they are 
taught by more experienced teachers (0.078 standard deviation increase for a 1 standard 
deviation increase in the teacher’s experience). Some indicators of the effects of school inputs’ 
on performance in the non-cognitive skills suggested a negative effect of moving a student into a 
private non-Catholic school (-0.33 standard deviations) or a school with higher concentration of 
minority students (between 0.066-0.105 standard deviations). Contrarily, students whose class 
size changed (decreased) seemed to improve their behavioral performance (0.02 standard 
deviations). The result is more modest than Dee and West’s (2011). This class size’s effect is 
also found in the estimation of the determinants of externalizing behavioral problems.  
From the comparison of findings across models, and after acknowledging the potential 
limitations associated with the fixed effects estimation mentioned before, the results provided 
some evidence of biases in the cross-sectional results (especially in the pooled results). Probably 
due to sorting of students into schools, the FE estimates did not overcome some of the statistical 
problems brought to the analyses because of certain school practices of grouping students into 
particular settings or inputs (classes, teachers, etc.) due to reasons associated with their 
performance. The multilevel estimates tended to be statistically insignificant because of increases 
in the standard errors. But, in general, the findings reported above are stable across models.  
This chapter explored different types of non-cognitive skills, measured using teachers’ 
reports of the student’s behavior (and the index based on them), self-reported information from 
the students, and two more accurate scales describing personality, the self-concept and locus of 
control scales. The associations between type of school and class size with non-cognitive 




personality skills, whose specification was worse than the other specifications (measured only in 
8
th
 grade, no time-variation information and pre-score were available). Despite the weaknesses of 
the non-cognitive skills I have been using, and some limitations in terms of suitable educational 
inputs and statistical models, this chapter has documented that the effects of (or associations 
between) teachers and schools may outreach the generation of cognitive skills in the school.  
 
6.7.2. Other limitations 
The empirical estimation and interpretation of the longitudinal models and the clustered 
longitudinal level face other limitations. Two of the most significant ones are that the students’ 
pre-scores are measured over different periods of time across the rounds (for example: the first 
pre-score or corresponding gain would measure a variation between the beginning of the course 
and the end of the course; the following gain would represent the gain over one full year (spring, 
K to Spring, 1
st





and the last score or gain would compare achievement growth over 3 academic courses (end of 
8
th
 grade). Also, the variation over time of both the independent non-cognitive skills and the non-
cognitive skills index is delicate. We assumed that teachers would incorporate some growth 
dimension into their assessment of the children’s non-cognitive skills, but this assumption may 
be not accurate and even so, the by-grade standardization may influence the time variation of the 
indices. For this reason, analyses using both measures (index and original scales) are described in 
the discussion of the results. 
The within variation available for the students –both the variation in their outcomes and 
the variation over time of the school and teacher inputs- does not always allow identification of 




performance. As Allison (2009) suggested, “the standard errors for FE coefficients are often 
larger than those for other methods, especially when the predictor variable has little variation 
over time”, which leads to less precise and statistically insignificant estimated coefficients, but 
does not necessarily reflect lack of statistically significant effects in presence of more within 
variation (this would be more an experiment). In addition to that, the within variation in the 
educational inputs may be actually correlated with the students’ performance (i.e., if a student 
behaves badly, or if he has bad relationship with his peers or teachers, he might be transferred 
from one class to another, from one teacher to another, or his parents may decide to enroll him in 
a different school; many conflating factors would be playing a role in determining his changes in 
academic and non-cognitive performance, in situations like this).  
Finally, in this chapter it is especially relevant to refer to the limitations of the non-
cognitive measures that are being used as the dependent variables in the estimated equations. 
Although already discussed in section 4.6, I emphasize the convenience of incorporating 
alternative measures for assessing the personality development of the students, using 
comprehensive measures of the non-cognitive aspects. The purpose would not be to assess 
students in order to alter their most intrinsic personality characteristics, but to be able to support 
them in the event that some of these behaviors would affect their academic performance and 
anticipate eventual problems in school
187
. Also, only after being able to perfectly measure the 
non-cognitive skills we would be able to study which traits or skills are most likely to be 
influenced by school or teacher factors, and which are basically inherited / fixed personality 
traits, not dependable on schooling experiences. 
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6.7.3. Further research 
The goal of next chapter is to re-analyze the production of education in a framework in 
which both types of educational outcomes, the cognitive (studied in chapter V) and the non-
cognitive (studied in chapter VI) are acknowledged. In particular, if teachers and schools –of 
course, in addition to family- influence both outcomes, it is reasonable to think that both 
outcomes may be also having some type of mutual connection or interdependence. In particular, 
I explore whether the outputs can be simultaneously outputs and inputs of the production of 
education. The relationship will be explored using a simultaneous equation model, which will 
uncover mediating effects of the skills –i.e., whether some of the importance of the school level 
and teacher level variables that is attributed to them, is actually due to the importance of the 
skills as inputs of the educational process-. The findings from this analysis will contribute to 






 The estimated coefficients are accompanied by the standard errors estimates in the row 
below. For some variables (the continuous variables), there is an additional row 
accompanying the estimates, which shows the standardized (or beta) coefficient. 
 The stars represent: *** p<0.01, ** p<0.05, * p<0.1 
 The estimates control for individual, family characteristics and location. 
 For more information about the meaning and coding of the variables used in the analysis, 









20-Table 6.1. The determinants of the non-cognitive skills index. Cross sectional estimates. 
 
  Non-cognitive skills index-Levels  Non-cognitive skills-Index-Gains 
 
 
K 1st  3rd 5th 
 
K 1st  3rd 5th 
 
 
c_ncs c_ncs c_ncs c_ncs 
 
G_c_ncs G_c_ncs G_c_ncs G_c_ncs 
Experience tchexp_c -0.000 0.008*** 0.005* 0.005 
 
-0.003 0.008*** -0.000 0.002 
 
 
(0.002) (0.003) (0.003) (0.003) 
 
(0.002) (0.003) (0.003) (0.004) 
 
 
-0.002 0.105 0.063 0.060 
 
-0.043 0.103 -0.001 0.021 
Experience, Squared tchexp2_c 0.000 -0.000*** -0.000 -0.000 
 
0.000 -0.000*** 0.000 0.000 
 
 
(0.000) (0.000) (0.000) (0.000) 
 
(0.000) (0.000) (0.000) (0.000) 
Education: MA degree or 
higher tcheduc_d_c -0.031** -0.007 0.024 -0.015 
 
-0.030** -0.008 0.028 -0.021 
 
 
(0.013) (0.014) (0.016) (0.016) 
 
(0.014) (0.017) (0.019) (0.020) 
Type of certificate: 
Regular or Highest tchcert_c 0.065*** 0.048** -0.066** 0.017 
 
0.066*** 0.036 -0.095*** 0.010 
 
 
(0.020) (0.022) (0.026) (0.032) 
 
(0.022) (0.026) (0.030) (0.039) 
Catholic School catholic -0.028 0.017 0.117*** 0.096*** 
 
-0.030 0.032 0.083** 0.016 
 
 
(0.023) (0.026) (0.029) (0.029) 
 
(0.025) (0.032) (0.035) (0.034) 
Private School privatenc -0.051* -0.160*** 0.040 0.079** 
 
-0.004 -0.077** 0.131*** 0.056 
 
 
(0.028) (0.032) (0.035) (0.038) 
 
(0.030) (0.037) (0.041) (0.044) 
Enrollment: 150-199 schlsized2 -0.064** -0.013 0.106*** 0.102** 
 
-0.029 0.023 0.141*** 0.079 
 
 
(0.026) (0.032) (0.038) (0.043) 
 
(0.028) (0.038) (0.043) (0.049) 
Enrollment: 300-499 schlsized3 -0.074*** -0.024 0.104*** 0.142*** 
 
-0.048* 0.025 0.135*** 0.084* 
 
 
(0.026) (0.032) (0.038) (0.043) 
 
(0.028) (0.038) (0.043) (0.050) 
Enrollment: 500-749 schlsized4 -0.076*** -0.018 0.154*** 0.175*** 
 
-0.063** 0.037 0.184*** 0.082 
 
 
(0.027) (0.035) (0.040) (0.045) 
 
(0.029) (0.041) (0.045) (0.052) 
Enrollment >750 schlsized5 -0.078*** -0.025 0.148*** 0.186*** 
 
-0.072** 0.029 0.168*** 0.091 
 
 
(0.029) (0.035) (0.043) (0.049) 
 
(0.032) (0.042) (0.049) (0.057) 
Instructional level: up to 
elementary school instleveld1 -0.045** 0.020 0.015 0.123*** 
 
-0.053*** 0.024 -0.022 0.114*** 
 
 
(0.018) (0.020) (0.023) (0.022) 
 
(0.019) (0.024) (0.028) (0.025) 
Class size 18-24 clsize_m 0.036** 0.001 0.048** 0.004 
 
0.043*** -0.042** 0.039 -0.044 
 
 
(0.015) (0.017) (0.021) (0.023) 
 
(0.016) (0.020) (0.025) (0.027) 
Class size >25 clsize_l 0.064*** -0.010 0.041 -0.007 
 
0.072*** -0.102*** 0.041 -0.061** 
 
 
(0.019) (0.023) (0.025) (0.025) 
 









Percent. minority students: 
less 10% minority_d1 0.021 0.011 0.019 -0.045 
 
-0.000 0.011 -0.022 -0.103** 
 
 
(0.026) (0.027) (0.033) (0.034) 
 
(0.028) (0.032) (0.038) (0.041) 
Percent. minority students: 
10-25% minority_d2 0.007 0.014 -0.075** -0.004 
 
-0.021 0.030 -0.101*** -0.012 
 
 
(0.026) (0.027) (0.033) (0.034) 
 
(0.028) (0.031) (0.038) (0.041) 
Percent. minority students: 
25-50% minority_d3 0.032 -0.016 0.025 0.036 
 
0.001 -0.005 0.028 0.004 
 
 
(0.025) (0.026) (0.031) (0.032) 
 
(0.027) (0.030) (0.036) (0.038) 
Percent. minority students: 
50-75% minority_d4 -0.022 -0.006 0.046 0.026 
 
-0.040 0.021 0.020 -0.018 
 
 
(0.025) (0.028) (0.033) (0.036) 
 
(0.027) (0.032) (0.039) (0.042) 
Mean school ses meanses 0.045** 0.001 0.021 -0.005 
 
0.046** -0.010 0.033 -0.019 
 
 
(0.018) (0.019) (0.021) (0.023) 
 
(0.020) (0.022) (0.025) (0.028) 
 
 
0.029 0.001 0.015 -0.003 
 
0.038 -0.007 0.024 -0.014 
Prescore Lpre_c_ncs 0.681*** 0.441*** 0.434*** 0.423*** 
      
 
(0.009) (0.010) (0.011) (0.012) 
      
 
0.667 0.429 0.424 0.422 
     Constant Constant -0.144 -0.492*** -0.191 -0.243 
 
-0.043 -0.295** 0.095 0.067 
 
 
(0.093) (0.116) (0.159) (0.200) 
 
(0.100) (0.137) (0.184) (0.236) 
Observations Observations 9,184 11,096 8,467 7,375 
 
9,184 11,096 8,467 7,375 
R-squared R-squared 0.500 0.277 0.292 0.305 
 
0.012 0.009 0.017 0.019 
Adj.R2 Adj.R2 0.498 0.275 0.289 0.302 
 



























































































21-Table 6.2. The determinants of the non-cognitive skills index. Longitudinal estimates. 
  Non-cognitive skills-Index-Levels  Non-cognitive skills-Index-Gains 
 
 Pooled Fixed effects 
Fixed effects  
+Multilevel  Pooled Fixed effects 




NW.PE NW.FE NW.FE.CL 
 
NW.PE NW.FE NW.FE.CL 
 
 
c_ncs c_ncs c_ncs 
 
G_c_ncs G_c_ncs G_c_ncs 
Experience tchexp_c 0.004*** 0.006*** 0.006** 
 
0.002 0.003 0.003 
 
 
(0.001) (0.002) (0.003) 
 
(0.002) (0.002) (0.004) 
 
 
0.053 0.078 0.078 
 
0.021 0.039 0.039 
Experience, Squared tchexp2_c -0.000*** -0.000*** -0.000** 
 
-0.000 -0.000 -0.000 
 
 
(0.000) (0.000) (0.000) 
 
(0.000) (0.000) (0.000) 
Education: MA degree or higher tcheduc_d_c -0.010 -0.014 -0.014 
 
-0.009 -0.035*** -0.035 
 
 
(0.007) (0.009) (0.017) 
 
(0.009) (0.013) (0.025) 
Type of certificate: Regular or 
Highest tchcert_c 0.017 0.001 0.001 
 
0.004 -0.008 -0.008 
 
 
(0.012) (0.014) (0.029) 
 
(0.014) (0.021) (0.045) 
Catholic School catholic 0.040*** -0.100 -0.100 
 
0.020 -0.033 -0.033 
 
 
(0.014) (0.062) (0.074) 
 
(0.016) (0.090) (0.107) 
Private School privatenc -0.031* -0.332*** -0.332*** 
 
0.027 -0.345*** -0.345*** 
 
 
(0.017) (0.080) (0.088) 
 
(0.019) (0.107) (0.124) 
Enrollment: 150-199 schlsized2 0.034* -0.057 -0.057 
 
0.063*** 0.023 0.023 
 
 
(0.018) (0.035) (0.091) 
 
(0.020) (0.046) (0.112) 
Enrollment: 300-499 schlsized3 0.035** -0.044 -0.044 
 
0.055*** -0.006 -0.006 
 
 
(0.018) (0.038) (0.091) 
 
(0.020) (0.050) (0.113) 
Enrollment: 500-749 schlsized4 0.053*** -0.048 -0.048 
 
0.063*** -0.025 -0.025 
 
 
(0.018) (0.040) (0.093) 
 
(0.021) (0.054) (0.117) 
Enrollment >750 schlsized5 0.052*** -0.053 -0.053 
 
0.060*** -0.035 -0.035 
 
 
(0.020) (0.042) (0.094) 
 
(0.022) (0.057) (0.120) 
Instructional level: up to elementary 
school instleveld1 0.025** -0.053** -0.053 
 
0.015 0.001 0.001 
 
 
(0.010) (0.027) (0.052) 
 
(0.012) (0.035) (0.066) 
Class size 18-24 clsize_m 0.016* -0.020* -0.020 
 
-0.005 -0.010 -0.010 
 
 
(0.009) (0.012) (0.025) 
 
(0.011) (0.017) (0.033) 
Class size >25 clsize_l 0.019* -0.024 -0.024 
 
-0.009 -0.040* -0.040 
 
 
(0.011) (0.015) (0.032) 
 
(0.013) (0.021) (0.041) 
Percent. minority students: less 10% minority_d1 0.007 0.074** 0.074 
 











(0.015) (0.037) (0.067) 
 
(0.017) (0.055) (0.097) 
Percent. minority students: 10-25% minority_d2 -0.011 0.066* 0.066 
 
-0.026 0.062 0.062 
 
 
(0.015) (0.035) (0.063) 
 
(0.017) (0.053) (0.092) 
Percent. minority students: 25-50% minority_d3 0.023 0.105*** 0.105* 
 
0.010 0.093* 0.093 
 
 
(0.014) (0.035) (0.060) 
 
(0.016) (0.050) (0.084) 
Percent. minority students: 50-75% minority_d4 0.009 0.075** 0.075 
 
-0.006 0.006 0.006 
 
 
(0.015) (0.032) (0.054) 
 
(0.017) (0.046) (0.070) 
Mean school ses meanses 0.018* 0.027 0.027 
 
0.013 -0.036 -0.036 
 
 
(0.010) (0.028) (0.043) 
 
(0.012) (0.040) (0.061) 
 
 
0.012 0.019 0.019 
 
0.010 -0.027 -0.027 
Prescore Lpre_c_ncs 0.497*** -0.137*** -0.137*** 
     
 
(0.005) (0.008) (0.012) 
     
 
0.487 -0.134 -0.134 
    Constant Constant -0.161*** 0.105 0.105 
 
-0.081** -0.244* -0.244 
 
 
(0.034) (0.091) (0.145) 
 
(0.038) (0.138) (0.205) 
Observations Observations 36,122 36,122 36,122 
 
36,122 36,122 36,122 
R-squared R-squared 0.324 0.026 0.694 
 
0.003 0.004 0.255 
Adj.R2 Adj.R2 0.323 0.0255 0.494 
 
0.00249 0.00337 -0.231 
Number of students (different id) Number of id   14,247   
 











22-Table 6.3. The determinants of internalizing-behavioral problems. Longitudinal estimates. 
  Internalizing-behavioral problems -Levels  Internalizing-behavioral problems -Gains 
 
 Pooled Fixed effects 
Fixed effects  
+Multilevel  Pooled Fixed effects 
Fixed effects  
+Multilevel 
  NW.PE NW.FE NW.FE.CL 
 
NW.PE NW.FE NW.FE.CL 
  ncs_ti ncs_ti ncs_ti 
 
Gncs_ti Gncs_ti Gncs_ti 
Experience tchexp_c -0.002** -0.003** -0.003 
 
-0.000 -0.000 -0.000 
 
 
(0.001) (0.001) (0.002) 
 
(0.001) (0.002) (0.003) 
 
 
-0.039 -0.050 -0.050 
 
-0.003 -0.001 -0.001 
Experience, Squared tchexp2_c 0.000** 0.000*** 0.000 
 
0.000 0.000 0.000 
 
 
(0.000) (0.000) (0.000) 
 
(0.000) (0.000) (0.000) 
Education: MA degree or 
higher tcheduc_d_c 0.015*** 0.017** 0.017 
 
0.014** 0.034*** 0.034* 
 
 
(0.006) (0.007) (0.013) 
 
(0.007) (0.011) (0.019) 
Type of certificate: Regular or 
Highest tchcert_c -0.009 -0.004 -0.004 
 
0.005 0.010 0.010 
 
 
(0.009) (0.011) (0.019) 
 
(0.011) (0.017) (0.030) 
Catholic School catholic -0.030*** 0.059 0.059 
 
-0.005 -0.003 -0.003 
 
 
(0.010) (0.049) (0.068) 
 
(0.013) (0.073) (0.109) 
Private School privatenc -0.002 0.208*** 0.208** 
 
-0.011 0.250*** 0.250* 
 
 
(0.013) (0.066) (0.083) 
 
(0.015) (0.090) (0.134) 
Enrollment: 150-199 schlsized2 -0.013 0.030 0.030 
 
-0.033** -0.012 -0.012 
 
 
(0.013) (0.026) (0.052) 
 
(0.016) (0.036) (0.073) 
Enrollment: 300-499 schlsized3 -0.003 0.037 0.037 
 
-0.028* -0.014 -0.014 
 
 
(0.013) (0.028) (0.055) 
 
(0.016) (0.039) (0.078) 
Enrollment: 500-749 schlsized4 -0.011 0.036 0.036 
 
-0.030* -0.003 -0.003 
 
 
(0.014) (0.030) (0.056) 
 
(0.016) (0.042) (0.080) 
Enrollment >750 schlsized5 -0.020 0.031 0.031 
 
-0.043** -0.022 -0.022 
 
 
(0.015) (0.031) (0.057) 
 
(0.017) (0.045) (0.083) 
Instructional level: up to 
elementary school instleveld1 -0.024*** 0.051** 0.051 
 
-0.015 0.009 0.009 
 
 
(0.008) (0.021) (0.040) 
 
(0.010) (0.029) (0.057) 
Class size 18-24 clsize_m -0.017** 0.005 0.005 
 
-0.006 -0.004 -0.004 
 
 
(0.007) (0.009) (0.018) 
 
(0.008) (0.013) (0.026) 
Class size >25 clsize_l -0.020** 0.008 0.008 
 
-0.003 0.007 0.007 
 
 
(0.008) (0.012) (0.023) 
 









Percent. minority students: 
less 10% minority_d1 -0.009 -0.054* -0.054 
 
0.010 -0.015 -0.015 
 
 
(0.011) (0.029) (0.047) 
 
(0.013) (0.044) (0.072) 
Percent. minority students: 
10-25% minority_d2 0.003 -0.069** -0.069 
 
0.006 -0.068 -0.068 
 
 
(0.011) (0.028) (0.044) 
 
(0.013) (0.042) (0.067) 
Percent. minority students: 
25-50% minority_d3 -0.001 -0.072*** -0.072* 
 
-0.011 -0.093** -0.093 
 
 
(0.011) (0.027) (0.042) 
 
(0.013) (0.041) (0.062) 
Percent. minority students: 
50-75% minority_d4 0.006 -0.051** -0.051 
 
-0.001 -0.048 -0.048 
 
 
(0.011) (0.024) (0.038) 
 
(0.013) (0.036) (0.050) 
Mean school ses meanses 0.003 -0.022 -0.022 
 
-0.011 -0.004 -0.004 
 
 
(0.008) (0.022) (0.033) 
 
(0.010) (0.033) (0.046) 
Prescore Lprencs1_ti 0.325*** -0.168*** -0.168*** 
     
 
(0.006) (0.008) (0.012) 
     
 
0.319 -0.165 -0.165 
    Constant Constant 1.057*** 1.659*** 1.659*** 
 
0.067** 0.104 0.104 
 
 
(0.027) (0.065) (0.099) 
 
(0.030) (0.102) (0.148) 
Observations Observations 35,348 35,348 35,348 
 
35,348 35,348 35,348 
R-squared R-squared 0.150 0.039 0.583 
 
0.003 0.003 0.260 
Adj.R2 Adj.R2 0.149 0.0385 0.304 
 
0.00154 0.00242 -0.235 
Number of students (different 











23-Table 6.4. The determinants of externalizing-behavioral problems. Longitudinal estimates. 
  Externalizing-behavioral problems-Levels  Externalizing-behavioral problems-Gains 
 
 Pooled Fixed effects 
Fixed effects  
+Multilevel  Pooled Fixed effects 




NW.PE NW.FE NW.FE.CL 
 
NW.PE NW.FE NW.FE.CL 
 
 
ncs_te ncs_te ncs_te 
 
Gncs_te Gncs_te Gncs_te 
Experience tchexp_c -0.003*** -0.006*** -0.006*** 
 
-0.001 -0.003* -0.003 
 
 
(0.001) (0.001) (0.002) 
 
(0.001) (0.002) (0.003) 
 
 
-0.050 -0.089 -0.089 
 
-0.018 -0.052 -0.052 
Experience, Squared tchexp2_c 0.000** 0.000*** 0.000** 
 
0.000 0.000 0.000 
 
 
(0.000) (0.000) (0.000) 
 
(0.000) (0.000) (0.000) 
Education: MA degree or 
higher tcheduc_d_c 0.008 0.010 0.010 
 
0.010 0.026*** 0.026 
 
 
(0.006) (0.007) (0.012) 
 
(0.006) (0.010) (0.017) 
Type of certificate: Regular or 
Highest tchcert_c -0.009 0.012 0.012 
 
-0.006 0.008 0.008 
 
 
(0.009) (0.011) (0.021) 
 
(0.010) (0.016) (0.030) 
Catholic School catholic -0.026** 0.079* 0.079* 
 
-0.009 0.057 0.057 
 
 
(0.010) (0.046) (0.047) 
 
(0.012) (0.067) (0.074) 
Private School privatenc 0.038*** 0.213*** 0.213*** 
 
0.002 0.244*** 0.244*** 
 
 
(0.012) (0.056) (0.055) 
 
(0.014) (0.075) (0.082) 
Enrollment: 150-199 schlsized2 -0.017 0.044* 0.044 
 
-0.026* 0.026 0.026 
 
 
(0.013) (0.025) (0.062) 
 
(0.015) (0.034) (0.072) 
Enrollment: 300-499 schlsized3 -0.019 0.041 0.041 
 
-0.018 0.058 0.058 
 
 
(0.013) (0.027) (0.062) 
 
(0.015) (0.037) (0.076) 
Enrollment: 500-749 schlsized4 -0.033** 0.043 0.043 
 
-0.021 0.070* 0.070 
 
 
(0.014) (0.029) (0.062) 
 
(0.015) (0.040) (0.078) 
Enrollment >750 schlsized5 -0.040*** 0.040 0.040 
 
-0.029* 0.060 0.060 
 
 
(0.014) (0.030) (0.063) 
 
(0.016) (0.042) (0.080) 
Instructional level: up to 
elementary school instleveld1 -0.016** 0.008 0.008 
 
-0.009 -0.020 -0.020 
 
 
(0.008) (0.019) (0.032) 
 
(0.009) (0.027) (0.046) 
Class size 18-24 clsize_m -0.000 0.025*** 0.025 
 
0.017** 0.018 0.018 
 
 
(0.007) (0.009) (0.016) 
 
(0.008) (0.012) (0.022) 
Class size >25 clsize_l -0.008 0.024** 0.024 
 
0.016* 0.033** 0.033 
 
 
(0.008) (0.011) (0.021) 
 









Percent. minority students: less 
10% minority_d1 -0.003 -0.036 -0.036 
 
0.004 -0.025 -0.025 
 
 
(0.011) (0.027) (0.044) 
 
(0.013) (0.041) (0.075) 
Percent. minority students: 10-
25% minority_d2 0.016 -0.011 -0.011 
 
0.018 -0.015 -0.015 
 
 
(0.011) (0.026) (0.043) 
 
(0.013) (0.039) (0.070) 
Percent. minority students: 25-
50% minority_d3 -0.015 -0.043* -0.043 
 
-0.013 -0.027 -0.027 
 
 
(0.011) (0.026) (0.041) 
 
(0.012) (0.037) (0.064) 
Percent. minority students: 50-
75% minority_d4 0.005 -0.030 -0.030 
 
0.014 0.048 0.048 
 
 
(0.011) (0.025) (0.036) 
 
(0.013) (0.034) (0.053) 
Mean school ses meanses -0.027*** -0.038* -0.038 
 
-0.021** 0.012 0.012 
 
 
(0.008) (0.021) (0.030) 
 
(0.009) (0.030) (0.042) 
Prescore Lprencs1_te 0.543*** -0.139*** -0.139*** 
     
 
(0.005) (0.008) (0.012) 
    Constant 
 
0.547 -0.141 -0.141 
     Constant 0.949*** 1.853*** 1.853*** 
 
0.128*** 0.193* 0.193 
Observations 
 
(0.026) (0.071) (0.098) 
 
(0.028) (0.100) (0.144) 
R-squared Observations 35,793 35,793 35,793 
 
35,793 35,793 35,793 
Adj.R2 R-squared 0.375 0.024 0.730 
 
0.004 0.004 0.262 
Number of id Adj.R2 0.375 0.0235 0.551 
 
0.00282 0.00362 -0.225 
Number of students (different 











24-Table 6.5. The determinants of self-control. Longitudinal estimates. 
 
  Self-control -Levels  Self-control -Gains 
 
 Pooled Fixed effects 
Fixed effects  
+Multilevel  Pooled Fixed effects 




NW.PE NW.FE NW.FE.CL  NW.PE NW.FE NW.FE.CL 
 
 
ncs_tsc ncs_tsc ncs_tsc  Gncs_tsc Gncs_tsc Gncs_tsc 
Experience tchexp_c 0.004*** 0.004*** 0.004  0.003** 0.004** 0.004 
 
 
(0.001) (0.001) (0.003)  (0.001) (0.002) (0.005) 
 
 
0.058 0.063 0.063  0.041 0.062 0.062 
Experience, Squared tchexp2_c -0.000*** -0.000*** -0.000  -0.000 -0.000* -0.000 
 
 
(0.000) (0.000) (0.000)  (0.000) (0.000) (0.000) 
Education: MA degree or higher tcheduc_d_c 0.007 0.005 0.005  0.011 0.006 0.006 
 
 
(0.006) (0.007) (0.015)  (0.007) (0.011) (0.020) 
Type of certificate: Regular or 
Highest tchcert_c 0.018* 0.016 0.016  0.006 0.002 0.002 
 
 
(0.010) (0.012) (0.024)  (0.012) (0.018) (0.040) 
Catholic School catholic 0.014 -0.062 -0.062  0.017 -0.020 -0.020 
 
 
(0.012) (0.055) (0.064)  (0.014) (0.079) (0.096) 
Private School privatenc -0.031** -0.161** -0.161**  0.039** -0.099 -0.099 
 
 
(0.014) (0.064) (0.073)  (0.016) (0.088) (0.114) 
Enrollment: 150-199 schlsized2 0.028* -0.029 -0.029  0.062*** 0.077* 0.077 
 
 
(0.014) (0.029) (0.075)  (0.017) (0.042) (0.116) 
Enrollment: 300-499 schlsized3 0.040*** -0.000 -0.000  0.061*** 0.047 0.047 
 
 
(0.014) (0.031) (0.076)  (0.017) (0.045) (0.113) 
Enrollment: 500-749 schlsized4 0.048*** -0.013 -0.013  0.068*** 0.027 0.027 
 
 
(0.015) (0.033) (0.078)  (0.017) (0.047) (0.116) 
Enrollment >750 schlsized5 0.033** -0.036 -0.036  0.042** -0.041 -0.041 
 
 
(0.016) (0.035) (0.080)  (0.019) (0.050) (0.117) 
Instructional level: up to elementary 
school instleveld1 0.001 -0.044** -0.044  -0.004 -0.027 -0.027 
 
 
(0.008) (0.021) (0.041)  (0.010) (0.028) (0.047) 
Class size 18-24 clsize_m 0.009 -0.007 -0.007  -0.007 -0.010 -0.010 
 
 
(0.008) (0.010) (0.021)  (0.009) (0.014) (0.026) 











(0.009) (0.012) (0.027)  (0.011) (0.018) (0.033) 
Percent. minority students: less 10% minority_d1 0.014 0.052* 0.052  -0.015 0.039 0.039 
 
 
(0.012) (0.029) (0.053)  (0.014) (0.045) (0.069) 
Percent. minority students: 10-25% minority_d2 0.012 0.039 0.039  -0.009 0.071 0.071 
 
 
(0.012) (0.028) (0.051)  (0.014) (0.044) (0.066) 
Percent. minority students: 25-50% minority_d3 0.035*** 0.067** 0.067  0.006 0.079* 0.079 
 
 
(0.012) (0.028) (0.049)  (0.014) (0.042) (0.064) 
Percent. minority students: 50-75% minority_d4 0.029** 0.036 0.036  0.005 0.021 0.021 
 
 
(0.012) (0.026) (0.044)  (0.015) (0.039) (0.056) 
Mean school ses meanses 0.003 -0.013 -0.013  -0.014 -0.049 -0.049 
 
 
(0.008) (0.023) (0.038)  (0.010) (0.034) (0.053) 
Prescore Lprencs1_tsc 0.422*** -0.168*** -0.168***  
    
 
(0.005) (0.007) (0.012)  
    
 
0.423 -0.169 -0.169  
   Constant Constant 1.678*** 3.614*** 3.614***  0.012 -0.244** -0.244 
 
 
(0.031) (0.082) (0.130)  (0.033) (0.113) (0.173) 
Observations Observations 35,412 35,412 35,412  35,412 35,412 35,412 
R-squared R-squared 0.254 0.032 0.657  0.004 0.004 0.249 
Adj.R2 Adj.R2 0.253 0.0308 0.427  0.00284 0.00353 -0.252 







25-Table 6.6. The determinants of self-concept and locus of control. Cross sectional estimates. 
  Self-concept  Locus of control 
  Cross-section  Cross-section 
 
 
NW.CS  NW.CS 
 
 
ncs_sc  ncs_sl 
Experience tchexp_c 0.002  0.002 
 
 
(0.004)  (0.004) 
 
 
0.019  0.030 
Experience, Squared tchexp2_c -0.000  -0.000 
 
 
(0.000)  (0.000) 
Education: MA degree or higher tcheduc_d_c 0.003  -0.011 
 
 
(0.020)  (0.018) 
Type of certificate: Regular or Highest tchcert_c -0.018  0.046 
 
 
(0.041)  (0.035) 
Catholic School catholic -0.025  0.028 
 
 
(0.035)  (0.030) 
Private School privatenc -0.083**  0.023 
 
 
(0.041)  (0.035) 
Enrollment: 150-199 schlsized2 -0.025  -0.043 
 
 
(0.050)  (0.042) 
Enrollment: 300-499 schlsized3 -0.041  -0.069* 
 
 
(0.050)  (0.042) 
Enrollment: 500-749 schlsized4 -0.008  -0.033 
 
 
(0.051)  (0.043) 
Enrollment >750 schlsized5 -0.048  -0.065 
 
 
(0.052)  (0.044) 
Class size 18-24 clsize_m 0.028  0.044** 
 
 
(0.024)  (0.022) 
Class size >25 clsize_l 0.061**  0.074*** 
 
 
(0.025)  (0.022) 
Percent. minority students: less 10% minority_d1 -0.024  0.055 
 
 
(0.038)  (0.034) 
Percent. minority students: 10-25% minority_d2 -0.037  0.016 
 
 
(0.037)  (0.033) 
Percent. minority students: 25-50% minority_d3 -0.006  0.034 
 
 
(0.035)  (0.031) 
Percent. minority students: 50-75% minority_d4 -0.014  0.020 
 
 
(0.036)  (0.032) 
Mean school ses meanses 0.039  0.033 
 
 
(0.023)  (0.021) 
Constant Constant -0.355  -0.116 
 
 
(0.274)  (0.245) 
Observations Observations 6,183  6,179 
R-squared R-squared 0.075  0.100 










26-Table 6.7. The determinants of self-reported internalizing behavioral problems. Longitudinal estimates. 
  Internalizing-behavioral problems -Levels  Internalizing-behavioral problems -Gains 
 
 Pooled Fixed effects 
Fixed effects  
+Multilevel  Pooled Fixed effects 




NW.PE NW.FE NW.FE.CL 
 
NW.PE NW.FE NW.FE.CL 
 
 
ncs_si ncs_si ncs_si 
 
Gncs_si Gncs_si Gncs_si 
Experience tchexp_c -0.002 0.003 0.003 
 
0.001 0.002 0.002 
 
 
(0.002) (0.003) (0.004) 
 
(0.003) (0.004) (0.006) 
 
 
-0.032 0.041 0.041 
 
0.008 0.024 0.024 
Experience, Squared tchexp2_c 0.000 -0.000 -0.000 
 
-0.000 -0.000 -0.000 
 
 
(0.000) (0.000) (0.000) 
 
(0.000) (0.000) (0.000) 
Education: MA degree or 
higher tcheduc_d_c 0.034*** 0.025 0.025 
 
0.041*** 0.037* 0.037 
 
 
(0.011) (0.016) (0.022) 
 
(0.014) (0.021) (0.031) 
Type of certificate: Regular or 
Highest tchcert_c -0.021 0.033 0.033 
 
0.004 0.073* 0.073 
 
 
(0.022) (0.031) (0.049) 
 
(0.029) (0.044) (0.068) 
Catholic School catholic 0.077*** 0.069 0.069 
 
0.131*** 0.092 0.092 
 
 
(0.019) (0.050) (0.062) 
 
(0.024) (0.068) (0.083) 
Private School privatenc 0.054** -0.003 -0.003 
 
0.114*** -0.013 -0.013 
 
 
(0.023) (0.067) (0.076) 
 
(0.029) (0.096) (0.113) 
Enrollment: 150-199 schlsized2 0.039 0.054 0.054 
 
0.080** 0.056 0.056 
 
 
(0.028) (0.043) (0.058) 
 
(0.035) (0.061) (0.085) 
Enrollment: 300-499 schlsized3 0.047* 0.112** 0.112* 
 
0.087** 0.114* 0.114 
 
 
(0.028) (0.045) (0.061) 
 
(0.035) (0.064) (0.089) 
Enrollment: 500-749 schlsized4 0.050* 0.087* 0.087 
 
0.109*** 0.088 0.088 
 
 
(0.029) (0.047) (0.064) 
 
(0.036) (0.066) (0.092) 
Enrollment >750 schlsized5 0.063** 0.158*** 0.158** 
 
0.125*** 0.163** 0.163* 
 
 
(0.030) (0.050) (0.068) 
 
(0.039) (0.070) (0.097) 
Instructional level: up to 
elementary school instleveld1 0.003 0.057** 0.057 
 
0.009 -0.061* -0.061 
 
 
(0.016) (0.026) (0.038) 
 
(0.021) (0.036) (0.059) 
Class size 18-24 clsize_m -0.025* -0.009 -0.009 
 
0.006 -0.015 -0.015 
 
 
(0.014) (0.020) (0.029) 
 
(0.018) (0.027) (0.039) 
Class size >25 clsize_l -0.023 -0.002 -0.002 
 
0.031 0.023 0.023 
 
 
(0.015) (0.022) (0.032) 
 









Percent. minority students: less 
10% minority_d1 -0.121*** -0.183*** -0.183** 
 
-0.084*** -0.022 -0.022 
 
 
(0.022) (0.056) (0.088) 
 
(0.028) (0.074) (0.115) 
Percent. minority students: 10-
25% minority_d2 -0.116*** -0.133** -0.133 
 
-0.137*** -0.033 -0.033 
 
 
(0.022) (0.054) (0.082) 
 
(0.027) (0.073) (0.110) 
Percent. minority students: 25-
50% minority_d3 -0.095*** -0.113** -0.113 
 
-0.089*** -0.021 -0.021 
 
 
(0.021) (0.050) (0.077) 
 
(0.026) (0.067) (0.105) 
Percent. minority students: 50-
75% minority_d4 -0.096*** -0.067 -0.067 
 
-0.071** 0.056 0.056 
 
 
(0.022) (0.047) (0.067) 
 
(0.028) (0.063) (0.092) 
Mean school ses meanses -0.062*** 0.043 0.043 
 
-0.064*** 0.050 0.050 
 
 
(0.014) (0.035) (0.045) 
 
(0.018) (0.049) (0.063) 
 
 
-0.062 0.043 0.043 
 
-0.051 0.039 0.039 
Prescore Lprencs1_si 0.103*** 0.010 0.010 
     
 
(0.010) (0.017) (0.022) 
     
 
0.093 0.009 0.009 
    Constant Constant 1.692*** 1.681*** 1.681*** 
 
0.221** 0.316* 0.316 
 
 
(0.078) (0.130) (0.203) 
 
(0.097) (0.179) (0.290) 
Observations Observations 13,263 13,263 13,263 
 
13,263 13,263 13,263 
R-squared R-squared 0.094 0.018 0.787 
 
0.033 0.012 0.746 
Adj.R2 Adj.R2 0.0910 0.0158 0.395 
 
0.0303 0.00990 0.278 
Number of students (different 






27-Table 6.8. The student’s fixes effects models statistics 
 
 
ncs_c ncs_ti ncs_te ncs_tsc 
Observations per group 2.5 2.5 2.5 2.5 
R-squared 
    Within 0.0263 0.0393 0.0243 0.0316 
Between 0.1778 0.0967 0.3107 0.2748 
Overall 0.0781 0.0216 0.1641 0.1140 
Corr(u_i, Xb) -0.5169 -0.4505 -0.6179 -0.5927 
P>F 0.0000 0.0000 0.0000 0.0000 
Sigma 
    _u 0.7621 0.4685 0.6160 0.5883 
_e 0.5568 0.4315 0.4059 0.4584 
Rho 0.6520 0.5410 0.6972 0.6222 
Hausman Test 
    Chi2 12671.8 8584.9 13864.3 12018.9 
Prob>Chi2 0.0000 0.0000 0.0000 0.0000 
Note :  
Ncs_c: non-cognitive skills, index 
Ncs_ti: teachers’ reported internalizing behavioral problems 
Ncs_te: teachers’ reported externalizing behavioral problems 
















A SIMULTANEOUS EQUATION MODEL OF THE DETERMINANTS OF 




A simultaneous equations model (SEM) of the production of education was suggested in 
the review of the literature and introduced in chapter III. This model states that the joint 
production of achievement in various cognitive and non-cognitive skills is a function of 
individual, family, school and teacher characteristics, as well as the other simultaneously 
determined educational outcomes (which are inputs and outputs simultaneously).  
The empirical analyses developed in this chapter pursue two main goals. First of all, I 
apply the simultaneous equation models’ framework to the economics of education field. I study 
its usefulness as a way to represent the production of education, defined in a comprehensive way 
by acknowledging the existence of multiple educational outcomes. The second goal of this 





on cognitive and non-cognitive variables in the SEM framework, and to compare these estimates 
with the ones obtained in the previous chapters under different specifications and estimation 
methods. The estimation of a system of equations modeling the production of education is 
expected to reveal the importance of a large number of structural parameters in the equations,
188
 
including the simultaneously determined factors’ relevance. 
The empirical model used for these purposes is constructed in the following way. I define 
a 2-equations SEM in which the dependent and endogenous variables are two indices that 
represent the cognitive and the non-cognitive skills of a student. The use of indices instead of 
independently measured variables allows estimation of the importance of the types of skills 
throughout most of the school age of the student (primary and elementary school), and to test the 
importance of the school variables in this setting. Both effects –the simultaneous effects and the 
school level effects- are examined using cross-sectional and developmental simultaneous models 
for cognitive and non-cognitive skills.  
The current analysis is a statistical extension of the traditional educational production 
function, and of the frameworks developed in chapters V and VI. The SEM framework 
incorporates the endogenous –simultaneously determined inputs- factors into the traditional 
specification and uses an alternative estimation method to assess the importance of the 
educational inputs. Conceptually, the application of the SEM to the economics of education field 
is seen as a contribution to a more thorough examination of how education is produced, by 
acknowledging the potential mediating effects of the endogenous variables that would alter the 
interpretation about the importance of the educational inputs
189
. Statistically, it offers the 
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 With the constraint imposed by the limited number and quality of teacher and school variables.  
189
 Chapters V and VI were mainly focused on what is produced in school, by looking at a comprehensive set of 





possibility to directly assess the importance of the skills as inputs of the educational process, and 
to control for its mediating effects on the production of education.  
 
7.2. Organization of the discussion of empirical findings 
The next sections are organized in the following way. Section 7.3 studies the assumptions 
for identification necessary to formulate and estimate a SEM. These assumptions were 
introduced in section 3.3.3 and are discussed for the specific setting that is empirically developed: 
a 2-equations SEM of the joint production of cognitive and non-cognitive skills in school. The 
analytical results are described in sections 7.4 and 7.5. The sensitivity analyses are presented in 
sections 7.6 and 7.7. The empirical analyses developed in this chapter encompass a large number 
of models and estimations, which are concisely introduced in Table 7.1, and described below. 
 
28-Table 7.1: Characteristics of the estimated simultaneous equations models for the 
production of cognitive and non-cognitive skills 
Analytical results  Model 1  Model 2 
Name 2-equations SEM  
Comprehensive indices (10 
components) 
 2-equations SEM 
Restricted indices (5 components) 
Dependent 
variables 
cs_c_all: Cognitive skills index, 
comprehensive 
ncs_c_all: Non-cognitive skills index, 
comprehensive 
 cs_c: Cognitive skills index, restricted 
ncs_c: Non-cognitive skills index, 
restricted 
Waves -Cross sections (7.4.1):  
Grade levels: K,1,3,5,8 
-Longitudinal (7.5.1): 
Grade levels: K-3, K-5, 3-5 
 -Cross sections (7.4.2): 
Grade levels: K,1,3,5 
-Longitudinal (7.5.2): 
Grade levels: K-3, K-5, 3-5 
Exogenous 
variables 
Individual, school, teacher 
Prescores 
 Individual, school, teacher 
Prescores 
Sensitivity checks (7.5.1)  (7.5.2) 
 Altering the way the indices are 
constructed (based on analytical 
sample instead of full sample) 
Altering the instruments  
Altering both 
 Altering the way the indices are 
constructed (based on analytical sample 
instead of full sample) 
Altering the instruments  
Altering both 
                                                                                                                                                                                           







Each system of equations is composed of two equations: the first equation’s dependent 
variable is the cognitive skills index; the second equation’s dependent variable is the non-
cognitive skills index. Two different sets of skills are considered: the comprehensive cognitive 
and non-cognitive indices, which build on the information provided by 10 different components; 
and the restricted cognitive and non-cognitive indices, which build on the information provided 
by the 5 variables explored in the previous chapters (IRT scale scores in reading and 
mathematics, and teachers’ reported internalizing behavioral problems, externalizing behavioral 
problems, and self-control)
190
. Although utilizing several measures as dependent and 
simultaneous variables introduces some difficulties for the explanations, there are some expected 
                                                          
190
 This table reviews the availability of the independent cognitive and non-cognitive variables across the ECLS-K 
rounds. It also summarizes the components of the two sets of indices (comprehensive and restricted indices) that are 
used as dependent and endogenous variables in the empirical models estimated in this chapter. For more details, see 
section 4.3.1. 
Wave 1 2 4 5 6 7 
Grade level K, Fall K, Spring 1st Grade 3rd Grade 5th Grade 8th Grade 
COGNITIVE SKILLS 
cs_r Y Y Y Y Y Y 
cs_m Y Y Y Y Y Y 
cs_s Y Y Y Y Y Y 
NON-COGNITIVE SKILLS 
ncs_te Y Y Y Y Y - 
ncs_ti Y Y Y Y Y - 
ncs_tsc Y Y Y Y Y - 
ncs_se - - - Y Y - 
ncs_si - - - Y Y Y 
ncs_sc - - - - - Y 
ncs_sl - - - - - Y 
SCALES (COMPONENTS) 
Restricted cognitive and non-cognitive indices 




ncs_c (ncs_te,ti,tsc): Grade-levels K to 5
th
    
Comprehensive cognitive and non-cognitive indices 
cs_c (cs_r,m,s): Grade-levels K to 8
th
  








gains from exploring both measures. As anticipated earlier, none of the non-cognitive measures 
are fully representing the personality traits of the students.  
A downside of the comprehensive indices is that they are based on different components 
across the waves, as limited by the availability of variables in the ECLS-K. Contrarily, the 
components of the restricted non-cognitive skills index are constant across the waves. But, 
compared to the restricted indices, the comprehensive indices’ components are thought to be 
more up-to-date and better represent the non-cognitive skills for a particular age. Also, they 
combine the perception of the teacher and the student in terms of the student’s behavior, and are 
defined over a longer age span. In an attempt to balance the advantages and disadvantages 
associated with each set of skills’ indices, the results are presented for the two sets of 
dependent/endogenous variables in the 2-equations simultaneous equations model. The 
comparison of the results across both models can shed some light on the limitations of the 
measures, and also raise some interest in improving potential better assessment of personality 
traits. 
Each equation in the system of equations includes controls for individual and family 
characteristics, school characteristics, and teachers’ characteristics. In addition to these, by 
definition, the SEM models incorporate an additional covariate, which is the simultaneously 
determined complementary outcome. The specifications also contain the pre-scores, who are 
attributed a crucial role in terms of fulfilling the identification requirement that is necessary (and 
sufficient) to estimate a SEM, and are used to instrument the endogenous variables in the system 
of equations (see section 7.3). All the variables enter in the equation linearly. I use 3SLS to 
estimate the cross-sectional simultaneous equations model that determines the importance of 





simultaneous equation model is estimated using a within transformation-3SLS estimation method 
(section 7.5). Sections 7.4 and 7.5 are the core sections of the analysis.  
Sensitivity tests 
Some limitations accompany the main results. In particular, two concerns arise in the 
SEM framework: one, is the model well identified? (i.e., would the results hold if we used 
different instruments?); and two, are the results driven by the way the standardization of the 
components of the dependent variables was performed? (i.e., would the results hold if we 
considered the distribution of outcomes of the students who compose the analytical sample, 
instead of the distribution of the original population?). To explore these options, several 
sensitivity checks are discussed in sections 7.6, 7.7, and 7.8. These extensions aim to validate the 
method used, and to provide the estimates with a confidence interval that contains the true 
simultaneous effect, given the limitations of the study. In order to determine whether the 
interpretations associated with the simultaneous effects are consistent, I modify two elements of 
the specifications and assess the consequences of doing so. First of all, the way the indices are 
constructed is modified. In particular, I use the distribution of students in the analytical sample 
(instead of the full sample) to create the items’ scores that compose the cognitive and non-
cognitive indices. The second element that is modified in the analysis is the set of instruments for 
identification
191
. Finally, both elements are modified at the same time, i.e., the scores constructed 
using the information of the students remaining in the analytical sample are used as dependent 
and endogenous variables, and the extended set of instruments is used to gain identification. 
These tests are performed on both the comprehensive and the restricted cognitive and non-
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cognitive indices, for the cross-sectional and longitudinal SEMs. The third sensitivity analysis 
reports the reduced form coefficients for the cross-sectional analysis.  
 
7.3. 2-equations SEM assumptions 
As discussed in chapter III, the estimation of a SEM encompasses a more complex 
structure, formulation and analytical assumptions than the ones utilized in the previous exercises. 
The most important assumptions are identification and restriction, which are defined by 
Goldberger (1991, p. 355) in the following way: “identification deals with the issue of whether 
the matrix of the reduced form coefficients uniquely determines the structural parameters; 
restriction deals with the issue of whether the prior knowledge of certain elements of the 
structural parameters implies restrictions on the matrix of the reduced form coefficients”.  
 
7.3.1. Groups of instruments 
The empirical estimation is carried out employing two sets of instruments or exogenous 
variables. The two alternative sets of instruments are suggested by the review of the econometric 
and education theoretical framework. The baseline set of instruments is composed of the 
endogenous variables’ prescores, i.e., the pre-determined cognitive and non-cognitive skills 
indices. The extended set of instruments is composed of the lagged parental expectations of the 
educational attainments the children will attain, and the teachers’ assessment of the cognitive 
performance of the students –in addition to the pre-scores-. 
Regarding the first set of instruments, the availability of the skills’ pre-score is sufficient 





variable, the entire model is identified” (p. 393192). Although this set of instruments imposes 
more restrictions on the coefficients than the second set
193
, the model is identified and provides a 
simple model regarding the simultaneous determination of educational products. This model is 
extended afterwards, in an attempt to provide the main findings with a robustness check when 
changing the exogenous variables without affecting identification.   
The preferred set is composed of the pre-scores or predetermined variables for the 
different outcomes. The specifications in which there are more exogenous variables per equation 
are discussed in sections 7.6 and 7.7, as a sensitivity analysis of the preferred estimations. 
 
7.3.2. Identification assumption 
The identification assumption builds on the completeness assumption, the order condition 
for identification, and the rank condition.  
A system is complete if the number of equations equals the number of endogenous 
variables. This is verified in the current framework, in which there are two equations and two 
endogenous variables.  
The order condition for identification implies that in any equation g in the system of 
equations (  2,1g ), the number of excluded exogenous regressors (excluding the common 
covariates, there are 2 exogenous variables left, the corresponding pre-scores, and there is 1 
excluded regressor for each equation) is at least as large as the number of included endogenous 
variables (one endogenous variable in each equation g). In this case, it is proven that
ggsystem 112  . This condition is a necessary, non-sufficient, condition for identification.  
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The rank condition in the scenario where there are two structural equations implies that 
each equation is identified if (and only if) the second equation contains at least one exogenous 
variable that is excluded from the first equation. 11][],[ **,*1  gggg BrankBrank  .
 
In the above equation, *
gB  is the matrix of coefficients for the reduced form parameters 
for the excluded variables in equation g; which is composed of the parameter of the pre-score 
variable in the equation; ,*1
g is one element of the submatrix (the single element of the 
submatrix); and 
g1  represents the number of included endogenous variables in equation g. This 
condition is sufficient for identification.  
 
7.4. Cross sectional estimates (Analytical results I) 
The empirical estimation results for the complete structural system that models the 
determinants of the production of education are presented for unweighted observations.  
The estimates corresponding to the cross-sectional structural system of the determinants 
of achievement in the multiple educational outcomes in each grade-level are shown in Tables 7.2 
to 7.5. These tables contain the 3SLS estimates of the determinants of performance in the 
cognitive and non-cognitive skills indices (standardized indices, using different components as 
explained in section 4.3.1). As mentioned above, we focus on the importance of school variables 
(teacher and school characteristics) and the simultaneous effects of the complementary 
educational outcome, instrumented using the predetermined value of the dependent variable in 





7.4.1. Comprehensive cognitive and non-cognitive skills (grade-levels K to 8) 
7.4.1.1. The simultaneous effects 
This section analyzes whether there are simultaneous effects in the production of 
education. For this purpose, I analyze the statistical significance and the educational importance 
of the simultaneously determined variables: the comprehensive cognitive and the non-cognitive 
skills indices. These two indices are standardized indices and were constructed utilizing the 
following by-grade standardized educational outcomes: reading, mathematics, science, teacher’s 
and student’s perception of externalizing behavioral problems and internalizing behavioral 
problems, teacher’s reported self-control, and the student’s reported locus of control and self-
concept. Besides the potential relevance of the interpretation of the estimates per se, this analysis 
is also a test of the extent to which SEM’s are useful formulations to model the production of 
education. 
Simultaneous effects are analyzed using 3 specifications. In the first specification, no 
covariates are used. In this model, I look at the importance of the simultaneous effects, i.e., the 
importance of one skill on the determination of the other skill. Since these estimated coefficients 
can be mediating other educational inputs’ effects, I parsimoniously incorporate individual level 
covariates (specification 2) and school level covariates (specification 3, including school and 
teacher characteristics). These results for the estimates of the 2-equations SEM using the 
comprehensive indices between grade-levels K and 8
th
 are shown in Table 7.2. The next 
paragraphs describe the most important findings noted in the table. 
The simplest specification (specification 1) suggests that the simultaneous effects are 
both statistically and educationally important. The estimated coefficients of the relationships 





(associated p-value <0.01). Moreover, the size of the coefficients is indicative of important cross-
effects. Specifications 2 and 3 reinforce these findings, after adding individual and school level 
controls. 
Table 7.2 also identifies interesting patterns in the evolution of the coefficients across 
grade-levels (see also Figure 7.1). Three main findings can be highlighted: one, the absolute 
importance of the cognitive skills as a determinant of the non-cognitive skills significantly 
increases over the first grade-levels, and decreases over the last grade-levels; two, the 
importance of the non-cognitive skills as a determinant of the cognitive performance increases 
very little over the first grade-levels, but steadily increases across the last grade-levels
194
; and 
three, as a result of these trends, a relative convergence in the size of the coefficients is observed. 
According to the empirical estimates (specification 3, including individual and school level 
covariates
195
), an increase of one standard deviation in the cognitive skills would increase the 
non-cognitive performance by 0.084 standard deviations in grade-level K, while an increase of 
one standard deviation in the non-cognitive skills is associated with an increase in the cognitive 
performance by 0.053 standard deviations in grade-level K. These effects are 0.145 and 0.093 
standard deviations respectively in grade-level 1; 0.226 and 0.082 standard deviations 
respectively in grade-level 3; 0.103 and 0.095 standard deviations respectively in grade-level 5. 
In 8
th
 grade, an increase of one standard deviation in the cognitive skills would increase the non-
cognitive performance by 0.185 standard deviations, while an increase of one standard deviation 
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 In the case of the cognitive skills effect on the non-cognitive skills, an overall inverted U-shape could be noticed. 
In the case of the non- cognitive skills effect on the cognitive skills, a U-shape could be seen. 
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 It is important to notice that the estimated coefficients do not vary greatly when different covariates are added 
into the model. This finding disregards the fact that the estimated coefficients might mediate other covariates’ 
effects. Nevertheless, I choose to report the most precise estimates obtained with specification 3 in more detail, and 





in the non-cognitive skills is associated with an increase in the cognitive performance by 0.169 
standard deviations. These patterns are shown in Figure 7.1. 
Overall these results allow for a comparison of with other findings in the literature. The 
earliest SEM by Levin (1970) concluded that there was a reciprocal relationship between 
achievement and educational motivation (represented by grade aspiration) and sense of efficacy 
(represented by student’s attitude). Boardman, Davis, and Sanday (1977) found that the only 
attitudinal variable that had a direct and simultaneous effect on achievement was self-efficacy. 
Finally, Cunha and Heckman (2008 and 2010)’s estimates, using different methodologies and 
context, show strong cross-productivity of effects of non-cognitive skills on cognitive skills (also 
strong self-productivity effects of non-cognitive skills on non-cognitive skills). The cross-
productivity effects of cognitive skills on non-cognitive skills “are weak” (2010, p.18) 196 . 
Keeping in mind the differences in the settings, the findings of this dissertation suggest strong 
reciprocal influence of both types of skills during the school years. 
7.4.1.2. The relationships between the outcomes and the teacher’s variables 
Table 7.3 shows the estimated coefficients for the teacher and school level variables in 
the 2-equations simultaneous equations model, using the comprehensive cognitive and non-
cognitive indices as dependent and endogenous variables.  
In grade-level K (second wave in ECLS-K, corresponding to Spring of Kindergarten, 
shown in columns 1 & 2) the estimates suggest there are very few statistically significant 
relationships between the non-cognitive skills index and teacher’s characteristics. Also, we don’t 
find any statistically significant association with the cognitive skills index. Teachers’ educational 
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cognitive formation. According to their approach, “the differential dependence of the outcomes on the two 
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attainment and type of teaching certificate are associated with non-cognitive achievement in the 
following way: students whose teacher’s educational attainment is higher or equal than a MA 
degree score, on average, 0.031 standard deviations less than students whose teacher’s 
educational attainment is below a MA degree. As discussed before, it may reflect selection of 
weakest teachers into more education. If teachers’ certification is regular or highest, students’ 
score is, on average, 0.064 standard deviations higher than students whose teacher’s certificate is 
different from that (no certification, temporary/probational, or alternative), a result that is 
comparable to Goldhaber and Brewer (2000)’s finding.  
In grade-level 1 (columns 3 & 4, Table 7.3), an additional year of experience for the 
teachers is associated with an increase of 0.008 standard deviations in the non-cognitive skills 
index. According to the sign of the square of the teachers experience variable, the relationship is 
concave. As in grade-level K, students whose teacher’s certification is regular or highest, 
students’ score is, on average, 0.046 standard deviations higher than students whose teacher’s 
certificate is different from that (no certification, temporary/probational, or alternative).  
In grade-level 3 (columns 5 & 6, Table 7.3), the estimates suggest opposite relationships 
to the ones explained for grade-level K: students whose teachers’ educational attainment is 
higher or equal than a MA degree score, on average, 0.022 standard deviations more than 
students whose teacher’s educational attainment is below a MA degree, barely statistically 
significant. If teachers’ certification is regular or at the highest level, students’ score is, on 
average, 0.035 standard deviations lower than students whose teacher’s certificate is lower. 
In grade-level 5 (columns 7 & 8, Table 7.3), as in grade-level K, students whose teacher’s 
educational attainment is higher or equal than a MA degree score, on average, 0.022 standard 





7.4.1.3. The relationships between the outcomes and the school variables 
In grade-level K (columns 1 & 2, Table 7.3), the results suggest that on average, students 
in Catholic schools score 0.043 standard deviations less than students in a public school on the 
cognitive index. Students in private non-Catholic schools score 0.061 standard deviations less 
than students in a public school in the non-cognitive index. Students in combined schools score 
less than students in elementary schools, on both outcomes. Students in medium size classes (17 
to 24 students) score, on average, about 0.03 standard deviations higher than students in classes 
with less than 17 students in the cognitive index. Students in large size classes (more than 25 
students) score higher in the non-cognitive index (between 0.036 and 0.063 standard deviations) 
than students in small size classes. Both scores may represent the result of grouping higher 
ability students into bigger classes. Students in a school whose minority concentration is high but 
below 75% (between 25 to 75%) score about 0.05 standard deviations more in the cognitive 
skills index. The effect is small, but in accordance to what could be expected for the effect of 
peer effects or racial composition on achievement. Students’ in larger schools’ non-cognitive 
index is between 0.068 and 0.084 standard deviations lower than students in schools with less 
than 149 students. 
In 1
st
 grade (columns 3 & 4, Table 7.3), the effects of the school’s denomination are a 
little larger than in grade-level K. In particular, on average, students in Catholic schools score 
0.046 standard deviations less in the cognitive index, and students in private non-Catholic 
schools score 0.169 standard deviations less in the non-cognitive index than for students in a 
public school (this is one of the largest coefficients associated to school-level variables). 
Students who switched schools in the previous year score, on average, 0.071 standard deviations 





minority students (between 10-25%) score, on average about 0.07 standard deviations higher in 
the cognitive index than students in schools with a high concentration of minority students (75% 
or more). There is a positive relationship between average socio-economic status and cognitive 
performance (coefficient is 0.060), reflecting positive peer effects. Students in large size classes 
(with more than 25 students) score, on average, 0.055 standard deviations less than students in 
classes with less than 17 students in the cognitive index. For students in larger schools the 
cognitive index is between 0.034 and 0.068 standard deviations lower than students in schools 
with less than 149 students. The relationship between outcomes and class-size are, in this case, 
supportive of the academic benefits of reducing class size. 
In 3
rd
 grade (columns 5 & 6, Table 7.3), the estimates suggest that students in public 
schools perform better in the cognitive dimension than students in Catholic and private schools 
(0.076 and 0.112 standard deviations higher). However, students in Catholic schools outperform 
those in public schools in the non-cognitive dimension (0.079 standard deviations). There is a 
positive relationship between average socio-economic status and cognitive performance, of the 
same size as in 1
st
 grade (coefficient is 0.057). Students in larger schools seem to have better 
outcomes in both indices than students in smaller schools (for the cognitive index, the 
coefficients vary between 0.045 and 0.085; for the non-cognitive, these effects vary between 
0.089 and 0.118 standard deviations). Students in schools with a lower proportion of minority 
students score, on average between 0.049 and near 0.080 standard deviations higher in the 
cognitive index than students in schools with a high concentration of minority students (75% or 
more). The coefficient of 0.051 is statistically significant in the non-cognitive equation for 





accordance to what we could expect regarding what Willms calls contextual variables (SES and 
racial minority concentration). 
In grade-level 5 (columns 7 & 8, Table 7.3), students in Catholic schools outperform 
those in public schools in the non-cognitive dimension (by 0.051 standard deviations). Students 
in combined schools score less than students in elementary schools, in the cognitive outcome but 
more in the non-cognitive index (-0.021 and +0.064 respectively). The same pattern is observed 
when looking at the effect of a change in schools in the year before (-0.030 and +0.043 
respectively). As in grade-level K, students in larger size classes outperform students in small 
size classes, by 0.036 to 0.052 standard deviations (maybe reflecting grouping of similar abilities 
of students). As in grade-level 3, students in schools with medium concentration of minorities 
(between 25%-50%) score 0.046 standard deviations higher in the non-cognitive index. There is 
a positive relationship between average socio-economic status and cognitive performance, but 
the link is weaker than in previous grade-levels (coefficient is 0.022). Both “peer effects” work 
in the expected direction. Students in larger schools seem to have better non-cognitive scores 
than students in smaller schools (coefficients vary between 0.092 and 0.125 standard deviations), 
but worse cognitive outcomes (coefficients vary between 0.052 and 0.101).  
In grade-level 8 (columns 9 & 10, Table 7.3), the estimates suggest that students in public 
schools perform worse in the cognitive dimension than students in Catholic schools (0.043 
standard deviations higher). There is a positive relationship between average socio-economic 
status and the cognitive score (coefficient is 0.052). As in grade-level K and 5, students in larger 
size classes outperform students in small size classes, by about 0.04 standard deviations. 
Students in medium size schools seem to have better cognitive scores than students in smaller 





between 0.106 and 0.129 for students in large and medium size schools respectively). Finally, 
notice that while the explanatory power of the previous regressions was significantly high (over 
0.70 for all grade-levels for the cognitive equation and between 0.293 and 0.505 for the non-
cognitive equations), the non-cognitive equation’s R2 is significantly lower than the other grade-
levels’ statistics (0.184), which indicates a poorer prediction of the model in 8th grade compared 
with the previous grade-levels. This could be explained by the lower variability in the dependent 
variable, composed of only 3 non-cognitive items. 
 
7.4.2. Restricted cognitive and non-cognitive skills (grade-levels K to 5) 
7.4.2.1. The simultaneous effects 
Since the “comprehensive” cognitive and non-cognitive indices built on different items 
across grade-levels, some of the findings may reflect the differences in the components of the 
scales. In order to validate the findings of the SEM analyses, I estimate the same models using 
the second set of cognitive and non-cognitive indices –the so-called restricted cognitive indices-. 
These indices combine the information of the cognitive variables and non-cognitive variables 
used in the previous chapters, i.e., achievement in reading and math, and teachers’ reported 
internalizing and externalizing behavioral problems of the student, and his self-control (i.e., the 
non-cognitive performance is exclusively based on the teachers’ assessments, and do not 
incorporate the students’ self-description). These items are available between grade-levels K to 5 
(one wave less than the comprehensive cognitive and non-cognitive indices). 
The results are shown in Table 7.4. As before, the estimates suggest a statistically 
significant relationship between the simultaneously determined skills and the level of the other 





of the size of the coefficients over grade-levels, a similar pattern to that described before is 
observed, although less intense and steady than before. In this case, the findings suggest an 
inverted and parallel U-shape (concave) relationship for both cognitive and non-cognitive 
simultaneous effects (see also Figure 7.2). Whether this pattern would be continued or switched 
after grade-level 5 is unfortunately not verifiable using this database since the non-cognitive 
variables that were used to construct the index were discontinued. 
7.4.2.2. The relationships between the outcomes and the teacher’s variables 
Table 7.5 shows the estimated coefficients for the teacher and school level variables in 
the 2-equations simultaneous equations model, using the restricted cognitive and non-cognitive 
indices defined between grade-levels K and 5 as dependent and endogenous variables.  
The associations between the outcomes and the teachers’ characteristics are, as before, 
very small. In grade-level K (wave 2 in ECLS-K, columns 1 & 2, Table 7.5) the estimates 
suggest there is a negative relationship between teachers’ education and performance in non-
cognitive skill. Students whose teacher’s educational attainment is higher or equal to a MA 
degree score, on average, 0.031 standard deviations less than students whose teacher’s 
educational attainment is below a MA degree. As noted before, this may represent the fact that 
some of the weakest teachers try to compensate their lack of ability by gaining more education. 
If teachers’ certification is regular or higher, students’ score is, on average, 0.065 standard 
deviations higher than students whose teacher’s certificate is different from that (no certification, 
temporary/probational, or alternative). These results are practically identical to the obtained in 
the analysis of the determinants of the comprehensive indices. 
In grade-level 1 (columns 3 & 4, Table 7.5), an additional year of experience of the 





index. The effect is small but in accordance to expectations. According to the sign of the square 
of the teachers experience variable, the relationship is concave. As in grade-level K, students 
whose teaching certification is regular or highest, students’ non-cognitive score is, on average, 
0.046 standard deviations higher than students whose teacher’s certificate is different from that 
(no certification, temporary/probational, or alternative).  
In grade-level 3 (columns 5 & 6, Table 7.5), the estimates suggest opposite relationships 
to the ones explained for grade-level K: students whose teacher’s educational attainment is 
higher or equal than an MA degree score, on average, 0.027 standard deviations more on non-
cognitive outcomes than students whose teacher’s educational attainment is below a MA degree. 
If teachers’ certification is regular or highest, students’ score is, on average, 0.065 standard 
deviations lower on non-cognitive outcomes than students whose teacher’s certificate is lower 
than that. 
In grade-level 5, any of the estimated coefficients measuring the association of teacher 
characteristics with performance are statistically different from zero. 
7.4.2.3. The relationships between the outcomes and the school variables 
Compared to the previous results, the denomination of the school has somewhat stronger 
effects on the students’ achievement and behavior. Attending a Catholic school is associated with 
better non-cognitive skills in grade-levels 3 and 5, compared with students in public schools. 
(0.132 and 0.106 standard deviations respectively), but lower cognitive skills score in grade-
levels 1 and 3 (0.063 and 0.072 standard deviations respectively). Students in private non-
Catholic schools also underperform students in public schools in the non-cognitive outcome 





students in public schools in the non-cognitive score in the later grade-level (0.077 standard 
deviations).  
Average socioeconomic status of the school is associated with lower cognitive 
achievement in grade-level K (0.035 standard deviations)
197
 but the relationship flips in the later 
grade-levels and shows a persistent positive effect on cognitive skills, which is in accordance to 
expectations. The coefficients associated with this variable and representing its relationship with 
non-cognitive achievement are not statistically significant.  
Students in larger size classes score higher in the non-cognitive index in grade-levels K 
and 3 (coefficients are about 0.04-0.06 standard deviations) and score higher in the cognitive 
index in grade-level 5 (0.04 standard deviations) than students in small size classes. However, 
students in large size classes score lower than students in small classes in 1
st
 grade (the largest 
coefficient, equals to 0.071). The results show no clear pattern associated with the impact of 
class-size on achievement. 
Students in schools with lower concentrations of minorities score higher in the cognitive 
scale (especially, in 3
rd
 grade, were the coefficients for the dummies are about 0.10 standard 
deviations).  Finally, students in larger schools outscore students in schools with less than 149 




 grades. The associations were 
weaker in the previous grade-levels. In grade-levels 1 and 5, the relationship between school size 
and cognitive performance is negative (students in larger schools underperform students in 
smaller schools, by 0.04 to 0.082 standard deviations), but the same relationship is positive in 
grade-level 3 (0.05 to 0.06 standard deviations). 
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7.5. Longitudinal estimates (Analytical results II) 
As highlighted in chapter III, the longitudinal SEM incorporates the variation over time 
and the individual unobserved factors into the cross-sectional specifications. This model is 
estimated by within-3SLS. 
The longitudinal SEM model is estimated using the students’ information from grade-
levels K to 8, although I focus on some particular grade-level (age) combinations that have been 
identified in the literature as periods during which the skills’ development is more significant in 
terms of current and long-lasting effects
198
.  
The analysis is developed for the following grade-level periods: K-3, K-5 and 3-5 (rounds: 
2-5, 2-6 and 4-6). In section 7.5.1, I present and discuss the results for the longitudinal SEM in 





7.5.1. Restricted cognitive and non-cognitive skills (grade-levels K to 5) 
7.5.1.1. The simultaneous effects 
When using the restricted cognitive and non-cognitive skills indices we are able to 
estimate the longitudinal SEM for students between grade-levels K to 5 (not for students in 
grade-levels K to 3 or 3 to 5). As in the cross-sectional analyses, I estimate two different 
specifications per model to assess the simultaneous effects. In the first one, no-covariates are 
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 ECLS-K leads to 10 different grade range combinations or panel datasets: K-1, K-3, K-5, K-8, 1-3, etc., up to 5-8. 
Some of the references identifying significant development periods are Bloom (1964), Cunha, Heckman, Lochner 
and Masterov (2006) or Bedard and Dhuey (2006). 
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 The analyses were performed using the comprehensive cognitive and non-cognitive skills as well, for the same 
combinations of rounds. The estimation of the longitudinal SEM that considers the development of the skills 
between grades K-3, K-5 and 3-5 does not yield good models fits. Consequently, the coefficients lack of any 







. Table 7.6 show the within-3SLS estimates of the determinants of learning and non-
cognitive skills development for students in those grade-level levels. 
The interpretation is as follows (Specification 2). An increase of a student’s cognitive 
skills index by one standard deviation increases his non-cognitive skill by 0.155 standard 
deviations. The simultaneous effect of an increase of a student’s non-cognitive skills index on his 
cognitive skill is not statistically different from zero. One potential explanation of this finding is 
associated with the type of non-cognitive variable that I am using: students’ non-cognitive skills 
are measured, in this setting, by the teachers’ evaluation of the student’s self-control and 
behavioral problems. As we saw before, the teachers’ assessment of these skills is largely 
correlated with (or maybe even influenced by) the student’s cognitive performance (see section 
4.5). Again, this statement seems to be supported by the empirical evidence presented here.  
7.5.1.2. The relationships between the outcomes and the teacher’s variables 
Table 7.7 shows the estimated coefficients for the teacher and school level variables in 
the 2-equations simultaneous equations model, using the comprehensive cognitive and non-
cognitive indices defined across all the waves as dependent and endogenous variables.  
A change of teacher from a less experienced teacher to a more experience teacher would 
increase the non-cognitive skills index by 0.007 standard deviations (a small but an interesting 
result). If the students’ teacher changes from a teacher with lower educational attainment to a 
teacher with higher education, on average, their cognitive score would be expected to increase by 
0.011 standard deviations. However, his non-cognitive score would decrease by almost the same 
amount (0.014). Finally, a change in the teacher’s type of certificate (from other types of 
teaching certificate to a teacher whose teaching certificate is higher or regular) would decrease 
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the student’s cognitive score by 0.015, and would not have any statistically significant impact on 
the non-cognitive score. 
7.5.1.3. The relationships between the outcomes and the school variables 
According to the estimates, the class size indicators appear to have a statistically 
significant impact on the student’s performance, as follows. On average, a change from a small 
size class to a medium size or to a large size class is expected to decrease the student’s non-
cognitive score by about -0.03 standard deviations (a similar finding is obtained by Dee & West, 
2011). Among students whose class size changed from small to medium, there is a statistically 
significant positive association with their cognitive skills, of 0.014 standard deviations.  
For students placed in a school where the proportion of minority students is lower, their 
non-cognitive skills would increase by 0.05-0.07 standard deviations. Transferring from an 
elementary instruction school to a combined school would have a negative impact on the 
student’s non-cognitive score, of -0.056 standard deviations. Rockoff et al. (2010)’s coefficient is 
-0.15 standard deviations, for students transferred from an elementary to a middle school (the 
classification of schools is different from the available in ECLS-K). Very significantly, 
transferring a student from a public school to a Catholic or private school would have negative 
effects both in his cognitive and in his non-cognitive skills scores. The effects would be larger in 
the non-cognitive skills indicator (-0.120 standard deviations if transferring to a Catholic school -
versus -0.057 standard deviations impact in the cognitive score- and -0.289 standard deviations if 
transferring to a private non-Catholic school –versus -0.090 standard deviations in the cognitive 
score-). Unfortunately, as was the case in the Chapters V and VI, the estimations do not allow us 
to ensure whether the within student variation is correlated with the outcomes, and whether this 





a school like this because of existing problems in their behaviors or achievement (not accounted 
for by the prescore in the equation). Also, ratings of non-cognitive skills could be different in 
private schools, compared to public. 
 
7.6. Sensitivity analysis I: Cross-sectional estimates 
The previous results are consistently suggesting that the SEM framework is useful to 
model the production of education. Also, the results highlight the importance of the educational 
outputs converted into inputs, explaining the variation in the complementary educational 
outcomes, which we called the simultaneous effects. The next three sections develop a battery of 
sensitivity tests to check these main findings, both for the cross-sectional (section 7.6) and the 
longitudinal models (section 7.7). Section 7.8 discusses the reduced form coefficients. The 
description of the results is based on the simultaneous effects.
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 Each subsection –when 
applicable- is performed using the comprehensive and the restrictive skills indices, as explained 
in detail in each analysis. In a preview of the following sections, we confirm both the validity of 
the SEM approach and the statistically significant cross-effects between cognitive and non-
cognitive skills.  
7.6.1. Comprehensive cognitive and non-cognitive skills (grade-levels K to 8) 
7.6.1.1. Altering the way the indices are constructed 
As documented in Chapter IV, due to attrition and missingness, the effective number of 
observations per wave is lower than the number of students in the sample for that wave. Given 
the nature of the dependent variables in the 2-equation SEM, this fact is consequential for the 
values the standardized variables take. This section assesses whether the simultaneous effects 
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described before are driven by the construction of the variables of interest. Thus, I construct the 
indices using the information of the students remaining in the sample, instead of using the 
indices that were built on the ECLS-K’s population distribution. In other words, I standardize the 
variables using the distribution of outcomes for the students that are included in the analyses, and 
disregard the outcomes’ information of students who are not considered in the analyses because 
of having some variables of interest missing. I generate the scores for each variable by grade-
level, and construct the skills indices using that information.  
The first two rows in Table 7.8 and Figure 7.3 report the estimates when the cognitive 
and non-cognitive indices are constructed using the distribution of scores of the students who are 
in the analytical sample (and not the full population of students in each grade-level in ECLS-K). 
Both results suggest the same patterns found in section 7.4.1 (Table 7.2 and Figure 7.1). The 
magnitudes of the estimated coefficients are also highly similar. 
7.6.1.2. Altering the instruments 
These analyses provide the estimates when the extended set of exogenous variables is 
utilized.  The second set of rows on Table 7.8 and Figure 7.4 show the estimates when the SEM 
is estimated using the predetermined values of the dependent variables and the lagged values of 
the teachers’ assessment of the students’ cognitive skills (as an additional instrument in the 
production of cognitive skills equation) and the parents expectations about the student’s 
educational attainment (as an additional instrument in the production of non-cognitive skills 
equation) as exogenous variables. The results obtained in these estimations are very interesting. 
We see that the coefficients estimating the importance of the non-cognitive skills for the 
cognitive skills outcome are weaker than before. When we instrument the association between 





assessment of the students’ cognitive skills (in addition to the -cognitive pre-score), some of the 
effect that was attributed to the importance of the non-cognitive skills as determinants of the 
cognitive skills is eliminated. However, when model the relationship between the non-cognitive 
skills and the cognitive skills using the parents’ expectations about their child’s educational 
attainment as an additional instrument (in addition to the non-cognitive pre-score), the effect of 
the cognitive skills on the non-cognitive skills remains unchanged. One potential reason for the 
former is that teachers’ assessment of the children non-cognitive skills is highly based on their 
cognitive performance (at least, on the perception of the teachers of the children’s cognitive 
abilities). Once controlling for this, the importance of the non-cognitive skills on cognitive 
achievement may better reflect the importance of the students’ behaviors on achievement. 
Teachers’ assessment of the children’s cognitive abilities is a mediator factor that is statistically 
significantly associated with cognitive performance (estimated coefficient 0.039 standard 
deviations is statistically significant, see Table A.7.3**), and also partially correlated with the 
teachers’ assessment of the behavior of the students. Importantly, if this were the case, the 
variables used in this analysis to measure behavioral traits or non-cognitive skills, as rated by the 
teachers, are truly representing a mixture of cognitive and non-cognitive traits. Thus, this would 
be a new limitation of the non-cognitive variables available in ECLS-K. An explanation for the 
latter association is that the cognitive skills effect on the non-cognitive is not mediated for the 
effect that the higher motivation of some parents and their preferences for education could have 
(note that the estimated coefficient is not statistically significant, Table A.7.3**). Once 
controlling for this, the importance of the cognitive skills on cognitive achievement reflects the 
importance of the students’ cognitive abilities on their non-cognitive abilities, once the partial 





7.6.1.3. Altering the way the indices are constructed and the instruments 
These analyses provide the estimates when the extended set of exogenous variables is 
utilized.  The bottom rows of Table 7.8 and Figure 7.5 show the estimates when the SEM is 
estimated using the indices that are constructed using the information of the students remaining 
in the sample; and the exogenous variables are the predetermined values of the dependent 
variables and the lagged values of the teachers’ assessment of the students’ cognitive skills and 
the parents expectations about the student’s educational attainment as exogenous variables. The 
interpretation of the simultaneous effects would be consistent with the above provided 
explanations.  
 
7.6.2. Restricted cognitive and non-cognitive skills (grade-levels K to 5) 
The same sensitivity tests are performed for the restricted cognitive and non-cognitive 
skills indices. 
7.6.2.1. Altering the way the indices are constructed 
The top rows in Table 7.9 and Figure 7.6 report the estimates when the cognitive and 
non-cognitive indices are constructed using the distribution of scores of the students who are in 
the analytical sample (and not the full population of students in each grade-level in ECLS-K). 
The interpretation of the coefficients coincides with the explanation of the simultaneous effects 
in section 7.4.2. The magnitude of the coefficients is slightly lower than in the core results. 
7.6.2.2. Altering the instruments 
These analyses provide the estimates when the extended set of exogenous variables is 
utilized. The middle panel in Table 7.9 and Figure 7.7 show the estimates when the SEM is 





teachers’ assessment of the students’ cognitive skills and the parents expectations about the 
student’s educational attainment as exogenous variables. As in the previous case, we note that  in 
the association between the cognitive skills and the non-cognitive skills after controlling for the 
lagged values of the teachers’ assessment of the students’ cognitive skills (in addition to the -
cognitive pre-score) the importance of the non-cognitive index as a determinant of the cognitive 
index decreases (it is even statistically insignificant for 5
th
 grade). The mechanism could be that 
teachers’ perception of the children’s abilities are now controlled for, ant that this is an important 
component underlying the students’ non-cognitive behavior. Given the drop, and comparing 
Figure 7.7 with Figure 7.4, we can conclude that the assessment of teachers’ of the non-cognitive 
skills of the students is highly partially based on their cognitive, instead of non-cognitive, 
performance, although an absolute claim about this is hard to proof in the current setting.  
7.6.2.3. Altering the way the indices are constructed and the instruments 
These analyses provide the estimates when the extended set of exogenous variables is 
utilized.  Table 7.9 (bottom panel) and Figure 7.8 show the estimates when the SEM is estimated 
using the indices that are constructed using the information of the students remaining in the 
sample; and the exogenous variables are the predetermined values of the dependent variables and 
the lagged values of the teachers’ assessment of the students’ cognitive skills and the parents 






7.7. Sensitivity analysis II: Longitudinal estimates 
7.7.1. Restricted cognitive and non-cognitive skills (grade-levels K to 5) 
7.7.1.1. Altering the way the indices are constructed and the instruments 
Table 7.10 shows the results when the instruments are changed, the indices are 
constructed using the information of the students remaining in the analytical sample after 
controlling for missingness and attrition, and both.  
For grade-levels K to 5,
202
 all the sensitivity checks for the specifications that use the 
restricted cognitive skills reinforce the previous findings: there is a statistically significant impact 
of an increase in the student’s cognitive skills on the non-cognitive skills, but the reciprocal 




7.8. Sensitivity analysis III: Reduced form estimates 
This section discusses the reduced form estimates for the 2-equations SEM model. These 
estimates are obtained using a simple OLS estimate of the equation that includes the 
simultaneously determined outcome, in addition to all the other explanatory variables.  
7.8.1. Comprehensive cognitive and non-cognitive skills (grade-levels K to 5) 
Table 7.11 reports the estimates for the model in which the skills are the comprehensive 
indices, which are defined over all the grade-levels but are built using different components in 
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 The analysis using the sample between grade-level Kindergarten and 3
rd
 grade did not yield good models fits. 
Consequently, the coefficients lack of any reasonable interpretation in the production of education framework.  
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 For the same grade levels, the SEM in which the instruments are the extended set and the indices are the 
comprehensive indices, the same findings are obtained. In particular, an increase of one standard deviation in the 
cognitive skills increases the non-cognitive performance by 0.137 standard deviations. The reciprocal effect is 
statistically insignificant. The same specification, for students between grade-levels 3 and 5 suggest that the 





each wave. The top panel estimates the specification that includes the prescore as the exogenous 
variable.
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 Figure 7.9 shows the coefficients across time for the results.   
The estimates represented in this graph suggest that the associations between the 
cognitive and the non-cognitive skills are statistically significant, and viceversa. The first row 
shows the relationship between the cognitive and the non-cognitive skills (to clarify the wording, 
if it were a causal association, this would be the effect of the non-cognitive skills on the 
cognitive skills). These associations are slightly smaller than the coefficients reported when the 
model was estimated with 3SLS (see Table 7.2, third panel, and Figure 7.1) and show the same 
pattern reported before. The second row reports the relationship between the non-cognitive and 
the cognitive skills (to clarify the wording, if it were a causal association, this would be the effect 
of the cognitive skills on the non-cognitive skills). In this case, the coefficients are very similar 
to the coefficients obtained under the 3SLS estimation (Table 7.2, third panel, and Figure 7.1). 
The pattern is now more suggestive of a convex relationship than an inverted U-relationship, as 
obtained before. 
 
7.8.2. Restricted cognitive and non-cognitive skills (grade-levels K to 5) 
Table 7.12 reports the estimates for the model in which the skills are the restricted indices, 
which are defined using the teachers’ reported assessment of the students’ non-cognitive skills, 
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 As a double sensitivity check, the bottom panel reports the estimates for the specification that incorporates the 
extended set of covariates (or exogenous variables in the SEM approach), composed of the lagged parental 
expectations on the degree their descendants will attain, and the teachers’ assessment of the cognitive performance 
of the students –in addition to the prescores-. These coefficients are not discussed, but the findings are in accordance 










 Figure 7.10 shows the coefficients across time for these coefficients.  
As before, I focus the discussion on these estimates, which suggest that the associations 
between the restricted cognitive and the non-cognitive skills indices are statistically significant, 
and viceversa. The first row shows the relationship between the cognitive and the non-cognitive 
skills (to clarify the wording, if it were a causal association, this would be the effect of the non-
cognitive skills on the cognitive skills). These associations are slightly smaller than the 
coefficients reported when the model was estimated with 3SLS (see Table 7.4, third panel, and 
Figure 7.2) This is also observed for the second row’s coefficients, that show the relationship 
between the non-cognitive and the cognitive skills. The patterns are similar to the reported in 
Figure 7.9 and are not that suggestive of a concave relationship as the 3SLS coefficients shown 
in Figure 7.2.  
Figure 7.11 combines the previous graphs. This representation suggests that the 
coefficients associated with the restricted cognitive skills index are higher than the coefficients 
associated with the comprehensive cognitive skills index. Contrarily, the coefficients associated 
with the restricted non-cognitive skills index are higher than the coefficients associated to the 
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 As a double sensitivity check, the bottom panel reports the estimates for the specification that incorporates the 
extended set of covariates (or exogenous variables in the SEM approach), composed of the lagged parental 
expectations on the degree their descendants will attain, and the teachers’ assessment of the cognitive performance 
of the students –in addition to the prescores-. These coefficients are not discussed, but the findings are in accordance 








This chapter has analyzed the last empirical research question proposed in this 
dissertation: “A simultaneous equation model of the determinants of educational outcomes: 
achievement and behavioral skills”. This proposed analysis aimed at developing a model that 
represents how education could be actually produced, building on the framework provided by 
simultaneous equation model for the production of cognitive and non-cognitive skills in school. 
This framework is an attempt to account for simultaneity and interdependence between outcomes 
and several educational inputs, leading to a more realistic formulation of how different 
educational ingredients can be interrelated over time, and acknowledging that educational 
components can be both inputs and outputs of the process, at different points in time.   
The results of the estimation of the SEM conferred a strong importance to the impact of 
the simultaneously determined educational outcome on the production of the sibling outcome. 
Said differently, cognitive skills have a positive influence on the determination of the student’s 
non-cognitive skills; and non-cognitive skills also positively affect the determination of the 
student’s cognitive skills. The associations are not constant over grade-levels, and show diverse 
patterns, depending on the items the skills indices were based on, the construction of the scores, 
the exogenous variables, and the estimation method (comparison of 3SLS estimates and reduced 
form estimates), as discussed earlier. However, all the findings highlighted the importance of the 
complementary skills in the production of educational outcomes. After several sensitivity tests, 
the results are consistently suggesting that outcomes can be inputs of the educational process as 





Overall, the observed trends suggested that the importance of the skills increased across 
grades. The patterns across grade-levels estimated under the 3SLS and the reduced form 
estimates are different, being the source of differences the convexity or concavity of the 
relationship (i.e., with whether the growth increases at an increasing rate (convex) or at a 
decreasing rate (concave)). In the preferred results, using the comprehensive cognitive and non-
cognitive skills indices, I noticed that the absolute importance of the cognitive skills as a 
determinant of the non-cognitive skills significantly increases over the first grade-levels, and 
decreases over the last grade-levels; that the importance of the non-cognitive skills as a 
determinant of the cognitive performance increases very little over the first grade-levels, but 
steadily increases across the last grade-levels; and that as a result of these trends, a relative 
convergence of the size of the coefficients is observed. The estimated coefficients varied 
between 0.084-0.226 standard deviation increase in the non-cognitive skills for each standard 
deviation increase in the cognitive skills; and between 0.053- 0.169 standard deviations increase 
in the cognitive skills for each standard deviation increase in the non-cognitive skills. These 
findings constitute one of the main contributions of this research. These interrelationships are in 
line with the findings from the SEM papers reviewed in Chapter II, by Levin (1970) and 
Boardman, Davis and Sanday (1977). As highlighted before, SEM constitute more satisfactory 
ways of mirroring “what we know of the educational process” (Levin, 1970, p. 60).  
The attempt to estimate a longitudinal SEM for the dynamics of the joint determination of 
cognitive and non-cognitive skills suggested that for students between grades K and 5
th
, an 
increase in the non-cognitive skills would not have any impact on the cognitive skills, and an 
increase in the cognitive skills would increase the non-cognitive skills by 0.12 standard 






 The estimated coefficients are accompanied by the standard errors estimates in the row 
below. For some variables (the continuous variables), there is an additional row 
accompanying the estimates, which shows the standardized (or beta) coefficient. 
 The stars represent: *** p<0.01, ** p<0.05, * p<0.1 
 The estimates control for individual, family characteristics and location. 
 Tables in the Appendix are complementary tables to the sensitivity analysis conducted to 
examine the consistency of the simultaneous effects. They contain the teacher and school 
effects obtained in these analyses, but are not part of the main set of tables or discussion 
of the results. 
 For more information about the meaning and coding of the variables used in the analysis, 










29-Table 7.2: The simultaneous effects (using the full population’s distribution of scores in the construction of the indices). 
Grade-level K   1st   3rd   5th   8th   
 
cs_c_all ncs_c_all cs_c_all ncs_c_all cs_c_all ncs_c_all cs_c_all ncs_c_all cs_c_all ncs_c_all 






























































































































Observations 9,184 9,184 11,096 11,096 8,545 8,545 8,575 8,575 6,157 6,157 
R-squared 
(Esp.3) 0.821 0.505 0.758 0.293 0.758 0.354 0.850 0.416 0.781 0.184 
Note:  
Cs_c_all: Cognitive-skills index, comprehensive (using by-grade standardized reading, mathematics and science scores) 
Ncs_c_all: Non-cognitive-skills index, comprehensive (using by-grade teacher’s and student’s perception of externalizing behavioral problems and 






14-Figure 7.1: The simultaneous effects (specification 3) (using the full population’s distribution of 
scores in the construction of the indices) 
 
Note:  
Cs_c_all: Cognitive-skills index, comprehensive (using by-grade standardized reading, mathematics and science 
scores) 
Ncs_c_all: Non-cognitive-skills index, comprehensive (using by-grade teacher’s and student’s perception of 
externalizing behavioral problems and internalizing behavioral problems, teacher’s reported self-control, and the 

















30-Table 7.3: SEM-Teacher and school level effects. Comprehensive cognitive and non-cognitive skills indices (the full population’s 
distribution of scores in the construction of the indices). 
Grade-level 
 
K   1st   3rd   5th   8th 
  
 
cs_c_all ncs_c_all cs_c_all ncs_c_all cs_c_all ncs_c_all cs_c_all ncs_c_all cs_c_all ncs_c_all 
Catholic School catholic -0.043*** -0.030 -0.046*** 0.023 -0.076*** 0.079*** -0.010 0.051** 0.043** -0.040 
 
 
(0.017) (0.025) (0.017) (0.027) (0.020) (0.025) (0.015) (0.023) (0.022) (0.038) 
Private School privatenc 0.002 -0.061** -0.003 -0.169*** -0.112*** 0.042 0.001 0.021 -0.032 -0.027 
 
 
(0.019) (0.029) (0.020) (0.033) (0.023) (0.029) (0.019) (0.029) (0.026) (0.045) 
Enrollment: 150-199 schlsized2 0.025 -0.068** -0.034* -0.007 0.063*** 0.101*** -0.052** 0.052 0.029 -0.056 
 
 
(0.020) (0.030) (0.020) (0.033) (0.023) (0.029) (0.022) (0.033) (0.031) (0.054) 
Enrollment: 300-499 schlsized3 0.024 -0.080*** -0.047** -0.016 0.075*** 0.089*** -0.053** 0.092*** 0.060** -0.129** 
 
 
(0.020) (0.030) (0.020) (0.034) (0.023) (0.029) (0.022) (0.033) (0.030) (0.053) 
Enrollment: 500-749 schlsized4 0.014 -0.078** -0.068*** -0.006 0.085*** 0.111*** -0.101*** 0.125*** 0.039 -0.066 
 
 
(0.020) (0.031) (0.022) (0.036) (0.025) (0.031) (0.023) (0.034) (0.031) (0.054) 
Enrollment >750 schlsized5 0.017 -0.084*** -0.055** -0.018 0.045* 0.118*** -0.075*** 0.123*** 0.013 -0.106* 
 
 
(0.021) (0.032) (0.022) (0.036) (0.027) (0.033) (0.024) (0.036) (0.032) (0.056) 
Instructional level: 
up to elementary 
school instleveld1 -0.043*** -0.044** -0.003 0.022 0.020 0.021 -0.021* 0.064*** 
   
 
(0.012) (0.018) (0.012) (0.020) (0.015) (0.019) (0.011) (0.016) 
  Switched schools schchange 0.164 -0.392 0.071*** 0.016 -0.009 -0.002 -0.030*** 0.043*** -0.009 -0.015 
 
 
(0.182) (0.273) (0.017) (0.028) (0.015) (0.019) (0.011) (0.016) (0.015) (0.027) 
Class size 18-24 clsize_m 0.025*** 0.035** -0.005 0.002 -0.004 0.022 0.036*** 0.007 0.038** 0.007 
 
 
(0.010) (0.015) (0.010) (0.017) (0.013) (0.017) (0.011) (0.017) (0.015) (0.026) 
Class size >25 clsize_l -0.002 0.063*** -0.055*** 0.001 0.002 0.023 0.052*** 0.016 0.039** 0.015 
 
 
(0.013) (0.019) (0.014) (0.023) (0.016) (0.020) (0.012) (0.018) (0.015) (0.027) 
Percent. minority 
students: less 10% minority_d1 0.029* 0.017 0.075*** -0.007 0.080*** 0.036 -0.004 0.012 0.030 0.002 
 
 
(0.017) (0.025) (0.016) (0.027) (0.020) (0.026) (0.016) (0.024) (0.023) (0.040) 
Percent. minority 
students: 10-25% minority_d2 0.026 0.002 0.065*** 0.001 0.080*** -0.022 0.012 0.024 0.009 -0.017 
 
 
(0.017) (0.025) (0.016) (0.027) (0.020) (0.025) (0.016) (0.024) (0.022) (0.039) 












(0.016) (0.024) (0.016) (0.026) (0.020) (0.025) (0.015) (0.022) (0.021) (0.037) 
Percent. minority 
students: 50-75% minority_d4 0.046*** -0.022 0.038** -0.014 0.080*** 0.027 0.028* 0.019 0.043** -0.016 
 
 
(0.016) (0.023) (0.016) (0.026) (0.020) (0.025) (0.016) (0.024) (0.022) (0.038) 
Mean school ses meanses -0.016 0.027 0.060*** -0.028 0.057*** 0.009 0.022** -0.010 0.052*** 0.031 
 
 
(0.013) (0.019) (0.012) (0.019) (0.014) (0.018) (0.011) (0.017) (0.015) (0.026) 
Experience tchexp_c -0.000 -0.000 0.001 0.008*** -0.001 0.000 0.001 0.003 0.002 0.002 
 
 
(0.001) (0.002) (0.002) (0.003) (0.002) (0.002) (0.002) (0.003) (0.003) (0.005) 
Experience, 
Squared tchexp2_c 0.000 0.000 -0.000 -0.000*** 0.000 -0.000 -0.000 -0.000 -0.000 -0.000 
 
 
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 
Education: MA 
degree or higher tcheduc_d_c 0.002 -0.031** 0.007 -0.009 0.001 0.022* -0.002 -0.023* 0.002 -0.022 
 
 
(0.009) (0.013) (0.009) (0.014) (0.010) (0.013) (0.008) (0.012) (0.012) (0.022) 
Type of certificate: 
Regular or Highest tchcert_c -0.017 0.064*** -0.009 0.046** 0.003 -0.035* 0.011 0.026 -0.010 -0.026 
 
 
(0.013) (0.019) (0.013) (0.021) (0.016) (0.020) (0.016) (0.025) (0.026) (0.046) 




















































































            
Observations Observations 9,184 9,184 11,096 11,096 8,545 8,545 8,575 8,575 6,157 6,157 
R-squared R-squared 0.821 0.505 0.758 0.293 0.758 0.354 0.850 0.416 0.781 0.184 
Note:  
Cs_c_all: Cognitive-skills index, comprehensive (using by-grade standardized reading, mathematics and science scores) 
Ncs_c_all: Non-cognitive-skills index, comprehensive (using by-grade teacher’s and student’s perception of externalizing behavioral problems and 









31-Table 7.4: The simultaneous effects (using the full population’s distribution of scores in the construction of the indices). 
  K   1st   3rd   5th   
 
cs_c ncs_c cs_c ncs_c cs_c ncs_c cs_c ncs_c 






































































































Observations 9,184 9,184 11,096 11,096 8,467 8,467 7,375 7,375 
R-squared 0.778 0.505 0.695 0.293 0.707 0.311 0.820 0.311 
Note:  
Cs_c: Cognitive-skills index, restricted (using by-grade standardized reading and mathematics scores) 
Ncs_c: Non-cognitive-skills index, restricted (using by-grade standardized teacher’s perception of externalizing behavioral problems, 


















15-Figure 7.2: The simultaneous effects (specification 3) (using the full population’s distribution of 
scores in the construction of the indices) 
 
Note:  
Cs_c: Cognitive-skills index, restricted (using by-grade standardized reading and mathematics scores) 
Ncs_c: Non-cognitive-skills index, restricted (using by-grade standardized teacher’s perception of 






























32-Table 7.5: SEM-Teacher and school level effects. Cognitive and non-cognitive skills indices using 5 components (the full population’s 










   
 
cs_c ncs_c cs_c ncs_c cs_c ncs_c cs_c ncs_c 
Catholic School  catholic -0.026 -0.032 -0.063*** 0.023 -0.072*** 0.132*** -0.019 0.106*** 
  
 
(0.020) (0.025) (0.020) (0.027) (0.023) (0.031) (0.018) (0.030) 
Private School  privatenc 0.039* -0.063** 0.007 -0.173*** -0.107*** 0.041 0.021 0.077** 
  
 
(0.023) (0.029) (0.024) (0.033) (0.026) (0.035) (0.022) (0.038) 
Enrollment: 150-199  schlsized2 0.029 -0.067** -0.036 -0.004 0.049* 0.105*** -0.038 0.111*** 
  
 
(0.024) (0.030) (0.024) (0.033) (0.027) (0.036) (0.025) (0.042) 
Enrollment: 300-499  schlsized3 0.040* -0.080*** -0.041* -0.015 0.059** 0.101*** -0.035 0.152*** 
  
 
(0.024) (0.030) (0.024) (0.034) (0.026) (0.035) (0.025) (0.042) 
Enrollment: 500-749  schlsized4 0.036 -0.079*** -0.068*** -0.006 0.059** 0.151*** -0.082*** 0.188*** 
  
 
(0.024) (0.031) (0.026) (0.036) (0.028) (0.037) (0.026) (0.044) 
Enrollment >750  schlsized5 0.036 -0.086*** -0.042 -0.021 0.022 0.149*** -0.058** 0.201*** 
  
 
(0.026) (0.032) (0.026) (0.036) (0.030) (0.040) (0.028) (0.048) 
Instructional level: up to elementary 
school 
 
instleveld1 -0.038** -0.044** -0.007 0.022 0.023 0.016 -0.007 0.123*** 
  
 
(0.015) (0.018) (0.015) (0.020) (0.017) (0.023) (0.012) (0.021) 
Switched schools  schchange 0.147 -0.402 0.071*** 0.016 -0.008 -0.028 -0.030** 0.102*** 
  
 
(0.218) (0.273) (0.020) (0.028) (0.017) (0.023) (0.013) (0.022) 
Class size 18-24  clsize_m 0.022* 0.035** -0.009 0.002 -0.004 0.049** 0.040*** -0.008 
  
 
(0.012) (0.015) (0.012) (0.017) (0.015) (0.020) (0.013) (0.022) 
Class size >25  clsize_l -0.010 0.062*** -0.071*** 0.002 0.006 0.045* 0.043*** -0.019 
  
 
(0.015) (0.019) (0.016) (0.023) (0.018) (0.025) (0.014) (0.025) 
Percent. minority students: less 10%  minority_d1 -0.010 0.025 0.084*** 0.002 0.093*** -0.003 -0.018 -0.049 
  
 
(0.020) (0.025) (0.020) (0.027) (0.023) (0.031) (0.019) (0.032) 
Percent. minority students: 10-25%  minority_d2 -0.019 0.010 0.063*** 0.010 0.117*** -0.100*** 0.005 -0.016 
  
 
(0.020) (0.025) (0.019) (0.027) (0.023) (0.031) (0.019) (0.032) 
Percent. minority students: 25-50%  minority_d3 0.031 0.031 0.026 -0.022 0.073*** 0.007 -0.001 0.030 
  
 
(0.019) (0.024) (0.019) (0.026) (0.022) (0.030) (0.018) (0.030) 
Percent. minority students: 50-75%  minority_d4 0.020 -0.018 0.028 -0.006 0.105*** 0.023 0.010 0.018 
  
 
(0.019) (0.023) (0.019) (0.026) (0.023) (0.031) (0.020) (0.033) 
Mean school ses  meanses -0.036** 0.031 0.068*** -0.022 0.085*** -0.008 0.025* -0.021 
  
 





















Experience  tchexp_c -0.001 -0.000 -0.000 0.008*** -0.001 0.005 0.002 0.004 
  
 
(0.002) (0.002) (0.002) (0.003) (0.002) (0.003) (0.002) (0.003) 
Experience, Squared  tchexp2_c 0.000 0.000 0.000 -0.000*** 0.000 -0.000 -0.000 -0.000 
  
 
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 
Education: MA degree or higher  tcheduc_d_c -0.003 -0.030** 0.013 -0.009 -0.010 0.027* -0.012 -0.010 
  
 
(0.010) (0.013) (0.010) (0.014) (0.012) (0.016) (0.010) (0.016) 
Type of certificate: Regular or Highest  tchcert_c -0.020 0.065*** -0.010 0.046** 0.011 -0.065*** 0.001 0.015 
  
 
(0.015) (0.019) (0.016) (0.021) (0.018) (0.024) (0.020) (0.033) 




































































Constant  Constant -0.085 -0.002 0.285*** -0.333*** 0.455*** -0.119 0.560*** -0.230 
  
 
(0.075) (0.094) (0.085) (0.116) (0.118) (0.158) (0.117) (0.198) 
  
         Observations  Observations 9,184 9,184 11,096 11,096 8,467 8,467 7,375 7,375 
R-squared  R-squared 0.778 0.505 0.695 0.293 0.707 0.311 0.820 0.311 
Note:  
Cs_c: Cognitive-skills index, restricted (using by-grade standardized reading and mathematics scores) 
Ncs_c: Non-cognitive-skills index, restricted (using by-grade standardized teacher’s perception of externalizing behavioral problems, internalizing behavioral 





33-Table 7.6: Longitudinal SEM-Simultaneous effects. Cognitive and non-cognitive skills indices 




 (2_6)  
Longitudinal estimates 
 cs_c ncs_c 
 
(dcs_c) (dncs_c) 









 (0.041)  
Observations 36,122 36,122 
R-squared 0.020 0.019 









        (0.042) 
Observations 36,122 36,122 
R-squared 0.028 0.027 
Note:  
Cs_c: Cognitive-skills index, restricted (using by-grade standardized reading and mathematics scores) 
Ncs_c: Non-cognitive-skills index, restricted (using by-grade standardized teacher’s perception of externalizing 
behavioral problems, internalizing behavioral problems and self-control scores) 







34-Table 7.7: Longitudinal SEM-Teacher and school level effects. Cognitive and non-cognitive skills 



















































































Prescore  dLpre1cs_c 0.167*** 
   
 
(0.005) 










Observations  Observations 36,122 36,122 






Cs_c: Cognitive-skills index, restricted (using by-grade standardized reading and mathematics scores) 
Ncs_c: Non-cognitive-skills index, restricted (using by-grade standardized teacher’s perception of externalizing 
behavioral problems, internalizing behavioral problems and self-control scores) 





























cs_c_all ncs_c_all cs_c_all ncs_c_all cs_c_all ncs_c_all cs_c_all ncs_c_all cs_c_all ncs_c_all 













       (0.008) 
 
     (0.016) 
 



















     (0.010) 
 
     (0.014) 
 
    (0.012) 
 
     (0.012) 
 
     (0.018) 
Observations 9,184 9,184 7,207 7,207 7,142 7,142 6,186 6,186 5,337 5,337 
R-squared 0.821 0.504 0.751 0.301 0.747 0.349 0.839 0.437 0.78 0.183 
SEM: using the full population’s distribution of scores in the construction of the indices and comprehensive set of instruments (individual and 












      (0.008) 
 
     (0.013) 
 
     (0.022) 
 
     (0.014) 
 















     (0.010) 
 
     (0.013) 
 
     (0.012) 
 
     (0.011) 
 
     (0.018) 
Observations 8,713 8,713 10,046 10,046 7,999 7,999 6,905 6,905 5,816 5,816 
R-squared 0.823 0.503 0.767 0.294 0.752 0.352 0.844 0.434 0.792 0.184 
SEM: using the analytical sample’s distribution of scores in the construction of the indices and comprehensive set of instruments individual 












     (0.008) 
 
    (0.017) 
 
     (0.024) 
 
     (0.016) 
 















     (0.011) 
 
     (0.015) 
 
     (0.013) 
 
     (0.012) 
 
     (0.020) 
Observations 8,713 8,713 6,840 6,840 6,426 6,426 5,763 5,763 4,562 4,562 
R-squared 0.824 0.502 0.76 0.302 0.748 0.355 0.837 0.435 0.77 0.179 
Note:  
Cs_c_all: Cognitive-skills index, comprehensive (using by-grade standardized reading, mathematics and science scores) 
Ncs_c_all: Non-cognitive-skills index, comprehensive (using by-grade teacher’s and student’s perception of externalizing behavioral problems and 





16-Figure 7.3: The simultaneous effects (specification 3) (using the analytical sample’s distribution 
of scores in the construction of the indices) 
 
Note:  
Cs_c_all: Cognitive-skills index, comprehensive (using by-grade standardized reading, mathematics and science 
scores) 
Ncs_c_all: Non-cognitive-skills index, comprehensive (using by-grade teacher’s and student’s perception of 
externalizing behavioral problems and internalizing behavioral problems, teacher’s reported self-control, and the 
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17- Figure 7.4: The simultaneous effects (using the full population’s distribution of scores in the 
construction of the indices and comprehensive set of instruments). 
 
Note:  
Cs_c_all: Cognitive-skills index, comprehensive (using by-grade standardized reading, mathematics and science 
scores) 
Ncs_c_all: Non-cognitive-skills index, comprehensive (using by-grade teacher’s and student’s perception of 
externalizing behavioral problems and internalizing behavioral problems, teacher’s reported self-control, and the 















18- Figure 7.5: The simultaneous effects (using the analytical sample’s distribution of scores in the 
construction of the indices and comprehensive set of instruments). 
 
Note:  
Cs_c_all: Cognitive-skills index, comprehensive (using by-grade standardized reading, mathematics and science 
scores) 
Ncs_c_all: Non-cognitive-skills index, comprehensive (using by-grade teacher’s and student’s perception of 
externalizing behavioral problems and internalizing behavioral problems, teacher’s reported self-control, and the 















36-Table 7.9: The simultaneous effects: Sensitivity analysis 
 
K   1st   3rd   5th   
 
cs_c ncs_c cs_c ncs_c cs_c ncs_c cs_c ncs_c 
SEM: using the analytical sample’s distribution of scores in the construction of the indices (individual and school level 


































Observations 8,713 8,713 10,046 10,046 7,929 7,929 6,832 6,832 
R-squared 0.781 0.503 0.707 0.293 0.711 0.310 0.819 0.307 
SEM: using the full population’s distribution of scores in the construction of the indices and comprehensive set of 


































Observations 9,184 9,184 7,207 7,207 7,088 7,088 6,095 6,095 
R-squared 0.778 0.505 0.688 0.301 0.694 0.311 0.813 0.309 
SEM: using the analytical sample’s distribution of scores in the construction of the indices and comprehensive set of 


































Observations 8,713 8,713 6,840 6,840 6,379 6,379 5,713 5,713 
R-squared 0.781 0.503 0.701 0.301 0.705 0.318 0.810 0.307 
Note:  
Cs_c: Cognitive-skills index, restricted (using by-grade standardized reading and mathematics scores) 
Ncs_c: Non-cognitive-skills index, restricted (using by-grade standardized teacher’s perception of externalizing 








19-Figure 7.6: The simultaneous effects (specification 3) (using the analytical sample’s distribution 
of scores in the construction of the indices) 
 
Note:  
Cs_c: Cognitive-skills index, restricted (using by-grade standardized reading and mathematics scores) 
Ncs_c: Non-cognitive-skills index, restricted (using by-grade standardized teacher’s perception of externalizing 
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20-Figure 7.7: The simultaneous effects (using the full population’s distribution of scores in the 
construction of the indices and comprehensive set of instruments). 
 
Note:  
Cs_c: Cognitive-skills index, restricted (using by-grade standardized reading and mathematics scores) 
Ncs_c: Non-cognitive-skills index, restricted (using by-grade standardized teacher’s perception of externalizing 















21-Figure 7.8: The simultaneous effects (using the analytical sample’s distribution of scores in the 
construction of the indices and comprehensive set of instruments). 
 
Note:  
Cs_c: Cognitive-skills index, restricted (using by-grade standardized reading and mathematics scores) 
Ncs_c: Non-cognitive-skills index, restricted (using by-grade standardized teacher’s perception of externalizing 



















 (2_6)  
Longitudinal estimates 
 dcs_c dncs_c 










Observations 33,520 33,520 
R-squared 0.036 0.025 










Observations 29,574 29,574 
R-squared 0.017 0.016 










Observations 27,645 27,645 
R-squared 0.019 0.009 
Note:  
Cs_c: Cognitive-skills index, restricted (using by-grade standardized reading and mathematics scores) 
Ncs_c: Non-cognitive-skills index, restricted (using by-grade standardized teacher’s perception of externalizing 
behavioral problems, internalizing behavioral problems and self-control scores) 









38-Table 7.11: The reduced form coefficients-Comprehensive indices (using the full population’s distribution of scores in the construction 
of the indices) 
Grade level K   1st   3rd   5th   8th   
 











































Observations 9,184 9,184 8,747 9,149 11,096 11,096 11,086 10,055 8,545 8,545 
R-squared  0.821 0.505 0.823 0.505 0.758 0.293 0.765 0.295 0.758 0.354 










































Observations 8,306 8,220 8,575 8,575 7,385 7,963 6,157 6,157 5,938 6,026 
R-squared 0.758 0.354 0.850 0.416 0.848 0.418 0.793 0.185 0.796 0.183 
Note:  
Cs_c_all: Cognitive-skills index, comprehensive (using by-grade standardized reading, mathematics and science scores) 
Ncs_c_all: Non-cognitive-skills index, comprehensive (using by-grade teacher’s and student’s perception of externalizing behavioral problems and 






22-Figure 7.9: The reduced form coefficients-Comprehensive indices (using the full population’s 
distribution of scores in the construction of the indices) 
 
Note:  
Cs_c_all: Cognitive-skills index, comprehensive (using by-grade standardized reading, mathematics and science 
scores) 
Ncs_c_all: Non-cognitive-skills index, comprehensive (using by-grade teacher’s and student’s perception of 
externalizing behavioral problems and internalizing behavioral problems, teacher’s reported self-control, and the 














39-Table 7.12: The reduced form coefficients-Restricted indices (using the full population’s 
distribution of scores in the construction of the indices) 
  2   4   5   6   
 



































Observations 9,184 9,184 8,747 9,149 11,096 11,096 11,086 10,055 
R-squared 0.778 0.505 0.781 0.506 0.697 0.293 0.706 0.294 


































Observations 8,467 8,467 8,231 8,147 7,375 7,375 7,304 6,895 
R-squared 0.708 0.311 0.714 0.312 0.820 0.311 0.823 0.309 
Note:  
Cs_c: Cognitive-skills index, restricted (using by-grade standardized reading and mathematics scores) 
Ncs_c: Non-cognitive-skills index, restricted (using by-grade standardized teacher’s perception of externalizing 
behavioral problems, internalizing behavioral problems and self-control scores) 







23-Figure 7.10: The reduced form coefficients-Restricted indices (using the full population’s 
distribution of scores in the construction of the indices) 
 
Note:  
Cs_c: Cognitive-skills index, restricted (using by-grade standardized reading and mathematics scores) 
Ncs_c: Non-cognitive-skills index, restricted (using by-grade standardized teacher’s perception of externalizing 
behavioral problems, internalizing behavioral problems and self-control scores) 















24-Figure 7.11: The reduced form coefficients-Comprehensive and restricted indices (using the full 
population’s distribution of scores in the construction of the indices) 
 
Note:  
Cs_c_all: Cognitive-skills index, comprehensive (using by-grade standardized reading, mathematics and science 
scores) 
Ncs_c_all: Non-cognitive-skills index, comprehensive (using by-grade teacher’s and student’s perception of 
externalizing behavioral problems and internalizing behavioral problems, teacher’s reported self-control, and the 
student’s reported locus of control and self-concept) 
Cs_c: Cognitive-skills index, restricted (using by-grade standardized reading and mathematics scores) 
Ncs_c: Non-cognitive-skills index, restricted (using by-grade standardized teacher’s perception of externalizing 
behavioral problems, internalizing behavioral problems and self-control scores) 
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40-Table A.7.3*: SEM-Teacher and school level effects. Comprehensive cognitive and non-cognitive skills indices (using the analytical 























  VARIABLES cs_c_all ncs_c_all cs_c_all ncs_c_all cs_c_all ncs_c_all cs_c_all ncs_c_all cs_c_all ncs_c_all 
                       
Catholic School catholic -0.044*** -0.031 -0.049** 0.071** -0.071*** 0.060** -0.021 0.068*** 0.050** -0.032 
 
 
(0.017) (0.026) (0.022) (0.034) (0.023) (0.028) (0.017) (0.025) (0.024) (0.041) 
Private School privatenc 0.001 -0.063** -0.025 -0.118*** -0.139*** 0.021 0.020 0.027 0.002 -0.031 
 
 
(0.019) (0.030) (0.026) (0.040) (0.027) (0.033) (0.022) (0.032) (0.030) (0.051) 
Enrollment: 150-199 schlsized2 0.025 -0.070** -0.039 -0.040 0.061** 0.130*** -0.044* 0.048 0.007 -0.044 
 
 
(0.020) (0.031) (0.028) (0.044) (0.026) (0.032) (0.024) (0.035) (0.034) (0.058) 
Enrollment: 300-499 schlsized3 0.024 -0.083*** -0.074*** -0.045 0.080*** 0.100*** -0.046* 0.084** 0.043 -0.125** 
 
 
(0.020) (0.031) (0.028) (0.044) (0.026) (0.032) (0.024) (0.035) (0.034) (0.057) 
Enrollment: 500-749 schlsized4 0.014 -0.080** -0.091*** -0.048 0.102*** 0.117*** -0.105*** 0.110*** 0.023 -0.047 
 
 
(0.020) (0.032) (0.030) (0.047) (0.028) (0.034) (0.025) (0.037) (0.035) (0.058) 
Enrollment >750 schlsized5 0.017 -0.087*** -0.071** -0.024 0.057* 0.131*** -0.075*** 0.120*** -0.007 -0.098 
 
 
(0.022) (0.033) (0.031) (0.048) (0.030) (0.037) (0.028) (0.040) (0.036) (0.060) 
Instructional level: up to 
elementary school instleveld1 -0.044*** -0.045** -0.011 0.029 0.027 0.020 -0.019 0.086*** 
   
 
(0.012) (0.019) (0.016) (0.024) (0.017) (0.021) (0.012) (0.018) 
  Switched schools schchange 0.164 -0.406 -0.074 -0.058 -0.010 -0.003 -0.022 0.055*** -0.001 -0.007 
 
 
(0.182) (0.283) (0.093) (0.145) (0.017) (0.021) (0.013) (0.020) (0.017) (0.029) 
Class size 18-24 clsize_m 0.025*** 0.037** -0.015 0.029 -0.011 0.035* 0.022* 0.009 0.041** 0.004 
 
 
(0.010) (0.015) (0.013) (0.021) (0.015) (0.019) (0.013) (0.019) (0.017) (0.028) 
Class size >25 clsize_l -0.002 0.065*** -0.056*** -0.019 -0.014 0.032 0.034** 0.014 0.033* 0.026 
 
 
(0.013) (0.020) (0.018) (0.028) (0.018) (0.022) (0.014) (0.021) (0.017) (0.029) 
Percent. minority 
students: less 10% minority_d1 0.031* 0.017 0.070*** 0.022 0.084*** 0.047 0.003 0.011 0.051* 0.001 
 
 
(0.017) (0.026) (0.022) (0.034) (0.024) (0.029) (0.019) (0.028) (0.027) (0.045) 
Percent. minority 
students: 10-25% minority_d2 0.028* 0.002 0.056*** 0.036 0.070*** -0.025 0.034* 0.020 0.024 -0.038 
 
 








students: 25-50% minority_d3 0.053*** 0.027 0.007 0.008 0.056** 0.057** 0.029 0.059** 0.002 -0.015 
 
 
(0.016) (0.025) (0.021) (0.032) (0.023) (0.028) (0.018) (0.027) (0.025) (0.042) 
Percent. minority 
students: 50-75% minority_d4 0.048*** -0.023 0.022 -0.017 0.095*** 0.045 0.029 0.014 0.060** -0.037 
 
 
(0.016) (0.024) (0.022) (0.034) (0.024) (0.029) (0.020) (0.030) (0.025) (0.043) 
Mean school ses meanses -0.015 0.028 0.063*** -0.020 0.054*** 0.012 0.031** -0.020 0.054*** 0.033 
 
 
(0.013) (0.020) (0.015) (0.024) (0.016) (0.020) (0.013) (0.020) (0.017) (0.028) 
Experience tchexp_c -0.000 -0.000 0.002 0.004 0.000 -0.002 0.004** 0.000 0.000 0.001 
 
 
(0.001) (0.002) (0.002) (0.003) (0.002) (0.003) (0.002) (0.003) (0.003) (0.005) 
Experience, Squared tchexp2_c 0.000 0.000 -0.000 -0.000* 0.000 0.000 -0.000* 0.000 -0.000 0.000 
 
 
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 
Education: MA degree or 
higher tcheduc_d_c 0.003 -0.031** 0.024** -0.006 0.005 0.028* -0.010 -0.042*** 0.001 -0.016 
 
 
(0.009) (0.013) (0.011) (0.017) (0.012) (0.014) (0.010) (0.014) (0.014) (0.024) 
Type of certificate: 
Regular or Highest tchcert_c -0.017 0.066*** -0.015 0.065** -0.012 -0.061*** -0.001 0.042 -0.004 -0.041 
 
 
(0.013) (0.020) (0.018) (0.028) (0.019) (0.023) (0.020) (0.029) (0.030) (0.051) 




















































































Constant Constant -0.129** -0.018 0.369*** -0.278* 0.426*** 0.110 0.755*** -0.188 0.343* -0.005 
 
 
(0.063) (0.098) (0.093) (0.143) (0.117) (0.143) (0.116) (0.169) (0.191) (0.322) 
 
           Observations Observations 9,184 9,184 7,207 7,207 7,142 7,142 6,186 6,186 5,337 5,337 
R-squared R-squared 0.821 0.504 0.751 0.301 0.747 0.349 0.839 0.437 0.780 0.183 
Notes: The specifications include individual controls and school location. 








41-Table A.7.3**: SEM-Teacher and school level effects. Comprehensive cognitive and non-cognitive skills indices (using the full 























  VARIABLES cs_c_all ncs_c_all cs_c_all ncs_c_all cs_c_all ncs_c_all cs_c_all ncs_c_all cs_c_all ncs_c_all 
                       
Catholic School catholic -0.034** -0.030 -0.021 0.057* -0.060*** 0.077*** -0.005 0.040* 0.053** -0.057 
 
 
(0.017) (0.026) (0.018) (0.029) (0.021) (0.026) (0.016) (0.024) (0.021) (0.039) 
Private School privatenc 0.007 -0.054* 0.009 -0.103*** -0.113*** 0.044 0.006 0.013 -0.012 -0.049 
 
 
(0.020) (0.030) (0.021) (0.034) (0.024) (0.030) (0.020) (0.030) (0.026) (0.047) 
Enrollment: 150-199 schlsized2 0.036* -0.053* -0.029 0.022 0.054** 0.113*** -0.037 0.058* 0.025 -0.055 
 
 
(0.020) (0.031) (0.022) (0.037) (0.024) (0.030) (0.022) (0.033) (0.031) (0.055) 
Enrollment: 300-499 schlsized3 0.033* -0.062** -0.039* 0.026 0.081*** 0.097*** -0.037 0.090*** 0.057* -0.134** 
 
 
(0.020) (0.030) (0.023) (0.038) (0.024) (0.030) (0.023) (0.033) (0.030) (0.054) 
Enrollment: 500-749 schlsized4 0.027 -0.062* -0.055** 0.035 0.098*** 0.124*** -0.089*** 0.114*** 0.039 -0.073 
 
 
(0.021) (0.031) (0.024) (0.040) (0.025) (0.032) (0.024) (0.034) (0.031) (0.055) 
Enrollment >750 schlsized5 0.027 -0.064* -0.041* 0.034 0.055** 0.122*** -0.065** 0.118*** 0.009 -0.120** 
 
 
(0.022) (0.033) (0.024) (0.040) (0.027) (0.034) (0.026) (0.038) (0.032) (0.057) 
Instructional level: up to 
elementary school instleveld1 -0.032** -0.044** 0.006 0.044** 0.039** 0.023 -0.014 0.066*** 
   
 
(0.012) (0.019) (0.013) (0.021) (0.016) (0.020) (0.011) (0.017) 
  Switched schools schchange 0.144 -0.385 0.071*** 0.023 -0.008 0.005 -0.021* 0.060*** -0.009 -0.013 
 
 
(0.181) (0.274) (0.017) (0.029) (0.016) (0.019) (0.012) (0.018) (0.015) (0.028) 
Class size 18-24 clsize_m 0.027*** 0.036** -0.001 -0.001 -0.009 0.025 0.025** 0.003 0.037** 0.005 
 
 
(0.010) (0.015) (0.011) (0.018) (0.014) (0.017) (0.012) (0.018) (0.015) (0.027) 
Class size >25 clsize_l 0.003 0.062*** -0.046*** -0.001 -0.007 0.032 0.032** 0.010 0.036** 0.021 
 
 
(0.013) (0.020) (0.014) (0.024) (0.017) (0.021) (0.013) (0.020) (0.015) (0.028) 
Percent. minority 
students: less 10% minority_d1 0.034** 0.009 0.088*** -0.023 0.098*** 0.041 0.001 0.002 0.044* 0.003 
 
 
(0.017) (0.026) (0.017) (0.029) (0.021) (0.026) (0.018) (0.026) (0.023) (0.042) 
Percent. minority 
students: 10-25% minority_d2 0.025 0.007 0.074*** -0.004 0.080*** -0.019 0.026 0.014 0.023 -0.020 
 
 
(0.017) (0.026) (0.017) (0.028) (0.021) (0.026) (0.018) (0.026) (0.022) (0.041) 
Percent. minority 
students: 25-50% minority_d3 0.055*** 0.026 0.027* -0.022 0.067*** 0.053** 0.028* 0.043* 0.004 -0.009 
 
 








students: 50-75% minority_d4 0.047*** -0.021 0.039** -0.009 0.095*** 0.041 0.026 0.025 0.054** -0.019 
 
 
(0.016) (0.024) (0.017) (0.028) (0.021) (0.026) (0.018) (0.027) (0.022) (0.040) 
Mean school ses meanses -0.016 0.027 0.067*** -0.020 0.075*** 0.007 0.037*** -0.009 0.053*** 0.036 
 
 
(0.013) (0.019) (0.012) (0.020) (0.014) (0.018) (0.012) (0.018) (0.015) (0.027) 
Experience tchexp_c -0.000 -0.001 0.001 0.007** 0.001 -0.001 0.003 0.001 0.001 0.002 
 
 
(0.001) (0.002) (0.002) (0.003) (0.002) (0.002) (0.002) (0.003) (0.003) (0.005) 
Experience, Squared tchexp2_c 0.000 0.000 0.000 -0.000*** -0.000 0.000 -0.000 0.000 -0.000 -0.000 
 
 
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 
Education: MA degree or 
higher tcheduc_d_c 0.005 -0.044*** 0.010 -0.011 0.007 0.020 -0.010 -0.032** 0.001 -0.019 
 
 
(0.009) (0.013) (0.009) (0.015) (0.011) (0.013) (0.009) (0.013) (0.012) (0.022) 
Type of certificate: 
Regular or Highest tchcert_c -0.016 0.066*** -0.007 0.056** -0.015 -0.046** 0.020 0.025 0.002 -0.031 
 
 
(0.013) (0.020) (0.014) (0.023) (0.016) (0.021) (0.018) (0.027) (0.026) (0.047) 































































































































Constant Constant -0.067 0.065 0.360*** -0.358*** 0.434*** 0.087 0.660*** -0.082 0.421** 0.038 
 
 
(0.064) (0.101) (0.074) (0.126) (0.106) (0.136) (0.107) (0.160) (0.168) (0.307) 
 
           Observations Observations 8,713 8,713 10,046 10,046 7,999 7,999 6,905 6,905 5,816 5,816 
R-squared R-squared 0.823 0.503 0.767 0.294 0.752 0.352 0.844 0.434 0.792 0.184 
Notes: The specifications include individual controls and school location. 








42-Table A.7.3***: SEM-Teacher and school level effects. Comprehensive cognitive and non-cognitive skills indices (using the analytical 























  VARIABLES cs_c_all ncs_c_all cs_c_all ncs_c_all cs_c_all ncs_c_all cs_c_all ncs_c_all cs_c_all ncs_c_all 
                       
Catholic School catholic -0.035** -0.031 -0.022 0.069** -0.063** 0.049* -0.013 0.055** 0.044* -0.020 
 
 
(0.017) (0.027) (0.022) (0.035) (0.024) (0.029) (0.018) (0.026) (0.025) (0.043) 
Private School privatenc 0.006 -0.056* -0.008 -0.131*** -0.137*** 0.003 0.016 0.024 0.007 -0.028 
 
 
(0.020) (0.031) (0.026) (0.042) (0.028) (0.034) (0.023) (0.034) (0.031) (0.054) 
Enrollment: 150-199 schlsized2 0.036* -0.055* -0.022 -0.048 0.046 0.109*** -0.025 0.052 -0.019 -0.037 
 
 
(0.020) (0.032) (0.030) (0.048) (0.029) (0.034) (0.026) (0.037) (0.036) (0.062) 
Enrollment: 300-499 schlsized3 0.033 -0.064** -0.050 -0.047 0.075*** 0.067** -0.023 0.096*** 0.008 -0.103* 
 
 
(0.020) (0.032) (0.030) (0.048) (0.028) (0.034) (0.026) (0.037) (0.036) (0.061) 
Enrollment: 500-749 schlsized4 0.027 -0.064* -0.056* -0.052 0.095*** 0.092** -0.086*** 0.120*** 0.003 -0.014 
 
 
(0.021) (0.032) (0.032) (0.051) (0.030) (0.036) (0.027) (0.039) (0.036) (0.063) 
Enrollment >750 schlsized5 0.026 -0.066* -0.038 -0.027 0.043 0.101*** -0.065** 0.121*** -0.043 -0.078 
 
 
(0.022) (0.034) (0.032) (0.051) (0.032) (0.039) (0.029) (0.043) (0.038) (0.065) 
Instructional level: up 
to elementary school instleveld1 -0.032** -0.045** -0.000 0.038 0.045** 0.017 -0.013 0.086*** 
   
 
(0.013) (0.019) (0.016) (0.025) (0.019) (0.022) (0.013) (0.019) 
  Switched schools schchange 0.141 -0.397 -0.051 -0.063 -0.021 -0.007 -0.013 0.058*** 0.004 -0.002 
 
 
(0.181) (0.283) (0.091) (0.145) (0.019) (0.023) (0.014) (0.021) (0.018) (0.031) 
Class size 18-24 clsize_m 0.027*** 0.037** -0.008 0.039* -0.011 0.050** 0.014 0.005 0.031* -0.013 
 
 
(0.010) (0.016) (0.013) (0.021) (0.016) (0.020) (0.014) (0.020) (0.017) (0.030) 
Class size >25 clsize_l 0.003 0.065*** -0.048*** 0.010 -0.008 0.040* 0.023 0.008 0.020 0.009 
 
 
(0.013) (0.020) (0.018) (0.029) (0.020) (0.024) (0.015) (0.022) (0.018) (0.031) 
Percent. minority 
students: less 10% minority_d1 0.036** 0.009 0.079*** 0.041 0.111*** 0.056* 0.003 0.003 0.065** 0.061 
 
 
(0.017) (0.027) (0.022) (0.035) (0.025) (0.030) (0.021) (0.030) (0.030) (0.051) 
Percent. minority 
students: 10-25% minority_d2 0.027 0.007 0.051** 0.038 0.088*** -0.008 0.040** 0.018 0.036 0.023 
 
 
(0.017) (0.026) (0.021) (0.034) (0.025) (0.030) (0.020) (0.030) (0.029) (0.049) 
Percent. minority 
students: 25-50% minority_d3 0.057*** 0.027 -0.006 0.037 0.070*** 0.061** 0.028 0.055* 0.014 0.036 
 
 








students: 50-75% minority_d4 0.048*** -0.022 0.027 -0.011 0.132*** 0.050 0.025 0.018 0.084*** -0.003 
 
 
(0.016) (0.025) (0.022) (0.035) (0.026) (0.031) (0.022) (0.032) (0.029) (0.050) 
Mean school ses meanses -0.015 0.028 0.072*** -0.020 0.077*** 0.016 0.037** -0.014 0.063*** 0.022 
 
 
(0.013) (0.020) (0.015) (0.025) (0.017) (0.021) (0.014) (0.021) (0.018) (0.031) 
Experience tchexp_c -0.000 -0.001 0.001 0.004 0.001 0.000 0.005*** 0.001 -0.000 -0.002 
 
 
(0.001) (0.002) (0.002) (0.003) (0.002) (0.003) (0.002) (0.003) (0.003) (0.005) 
Experience, Squared tchexp2_c 0.000 0.000 0.000 -0.000* -0.000 0.000 -0.000** 0.000 0.000 0.000 
 
 
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 
Education: MA 
degree or higher tcheduc_d_c 0.005 -0.045*** 0.019* 0.001 0.012 0.021 -0.014 -0.045*** 0.004 -0.026 
 
 
(0.009) (0.014) (0.011) (0.018) (0.012) (0.015) (0.010) (0.015) (0.015) (0.026) 
Type of certificate: 
Regular or Highest tchcert_c -0.016 0.068*** -0.013 0.060** -0.023 -0.073*** -0.009 0.033 0.015 -0.065 
 
 
(0.013) (0.021) (0.018) (0.029) (0.020) (0.024) (0.021) (0.031) (0.033) (0.056) 
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Constant Constant -0.155** 0.021 0.332*** -0.375** 0.424*** 0.106 0.683*** -0.242 0.473** 0.105 
 
 
(0.064) (0.105) (0.094) (0.154) (0.125) (0.154) (0.122) (0.180) (0.199) (0.347) 
 
           Observations Observations 8,713 8,713 6,840 6,840 6,426 6,426 5,763 5,763 4,562 4,562 
R-squared R-squared 0.824 0.502 0.760 0.302 0.748 0.355 0.837 0.435 0.770 0.179 
Notes: The specifications include individual controls and school location. 








43-Table A.7.5*: SEM-Teacher and school level effects. Cognitive and non-cognitive skills indices using 5 components (using the analytical 



















  VARIABLES cs_c ncs_c cs_c ncs_c cs_c ncs_c cs_c ncs_c 
                   
Catholic School catholic -0.027 -0.033 -0.068*** 0.071** -0.064** 0.108*** -0.028 0.134*** 
 
 
(0.020) (0.026) (0.026) (0.034) (0.026) (0.033) (0.020) (0.033) 
Private School privatenc 0.039* -0.065** -0.014 -0.122*** -0.132*** 0.027 0.025 0.082* 
 
 
(0.023) (0.030) (0.031) (0.040) (0.031) (0.040) (0.025) (0.042) 
Enrollment: 150-199 schlsized2 0.029 -0.069** -0.047 -0.036 0.050* 0.136*** -0.040 0.092** 
 
 
(0.024) (0.031) (0.034) (0.044) (0.030) (0.039) (0.027) (0.047) 
Enrollment: 300-499 schlsized3 0.040* -0.083*** -0.077** -0.043 0.072** 0.111*** -0.043 0.154*** 
 
 
(0.024) (0.031) (0.034) (0.044) (0.029) (0.038) (0.028) (0.047) 
Enrollment: 500-749 schlsized4 0.036 -0.082*** -0.096*** -0.047 0.084*** 0.161*** -0.094*** 0.197*** 
 
 
(0.024) (0.032) (0.036) (0.047) (0.031) (0.041) (0.029) (0.049) 
Enrollment >750 schlsized5 0.035 -0.089*** -0.060 -0.026 0.045 0.156*** -0.066** 0.218*** 
 
 
(0.026) (0.033) (0.036) (0.048) (0.034) (0.044) (0.032) (0.053) 
Instructional level: up to elementary 
school instleveld1 -0.038*** -0.045** -0.020 0.030 0.029 0.012 -0.009 0.133*** 
 
 
(0.015) (0.019) (0.019) (0.024) (0.020) (0.026) (0.014) (0.024) 
Switched schools schchange 0.146 -0.415 -0.055 -0.064 -0.006 -0.044* -0.024 0.083*** 
 
 
(0.218) (0.283) (0.111) (0.145) (0.020) (0.026) (0.015) (0.026) 
Class size 18-24 clsize_m 0.022* 0.037** -0.018 0.029 -0.013 0.067*** 0.034** -0.018 
 
 
(0.012) (0.015) (0.016) (0.021) (0.017) (0.022) (0.015) (0.025) 
Class size >25 clsize_l -0.010 0.064*** -0.077*** -0.017 -0.012 0.054** 0.032* -0.025 
 
 
(0.015) (0.020) (0.021) (0.028) (0.021) (0.027) (0.016) (0.028) 
Percent. minority students: less 10% minority_d1 -0.010 0.026 0.084*** 0.029 0.098*** -0.002 0.002 -0.032 
 
 
(0.020) (0.026) (0.026) (0.034) (0.027) (0.035) (0.022) (0.037) 
Percent. minority students: 10-25% minority_d2 -0.019 0.010 0.057** 0.044 0.115*** -0.124*** 0.030 0.001 
 
 
(0.020) (0.026) (0.025) (0.033) (0.027) (0.035) (0.022) (0.037) 
Percent. minority students: 25-50% minority_d3 0.032* 0.032 0.019 0.012 0.090*** -0.003 0.012 0.050 
 
 
(0.019) (0.025) (0.025) (0.032) (0.026) (0.034) (0.021) (0.035) 
Percent. minority students: 50-75% minority_d4 0.020 -0.019 0.007 -0.010 0.127*** 0.035 0.016 0.021 
 
 







Mean school ses meanses -0.036** 0.032 0.074*** -0.015 0.086*** -0.007 0.028* -0.030 
 
 
(0.015) (0.019) (0.018) (0.024) (0.018) (0.024) (0.015) (0.026) 
Experience tchexp_c -0.001 -0.000 0.001 0.004 -0.000 0.003 0.005** 0.003 
 
 
(0.002) (0.002) (0.002) (0.003) (0.002) (0.003) (0.002) (0.004) 
Experience, Squared tchexp2_c 0.000 0.000 0.000 -0.000* 0.000 -0.000 -0.000* 0.000 
 
 
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 
Education: MA degree or higher tcheduc_d_c -0.003 -0.031** 0.031** -0.006 -0.007 0.039** -0.013 -0.027 
 
 
(0.010) (0.013) (0.013) (0.017) (0.013) (0.017) (0.011) (0.018) 
Type of certificate: Regular or Highest tchcert_c -0.020 0.067*** -0.012 0.064** 0.004 -0.095*** -0.012 0.025 
 
 
(0.015) (0.020) (0.021) (0.028) (0.021) (0.027) (0.022) (0.038) 




































































Constant Constant -0.147** -0.048 0.256** -0.308** 0.386*** -0.108 0.516*** -0.291 
 
 
(0.075) (0.097) (0.110) (0.143) (0.133) (0.172) (0.132) (0.223) 
 
         Observations Observations 9,184 9,184 7,207 7,207 7,088 7,088 6,095 6,095 
R-squared R-squared 0.778 0.505 0.688 0.301 0.694 0.311 0.813 0.309 
Notes: The specifications include individual controls and school location. 










44-Table A.7.5**: SEM-Teacher and school level effects. Cognitive and non-cognitive skills indices using 5 components (using the full 



















  VARIABLES cs_c ncs_c cs_c ncs_c cs_c ncs_c cs_c ncs_c 
                   
Catholic School catholic -0.013 -0.031 -0.027 0.056* -0.040* 0.130*** -0.003 0.110*** 
 
 
(0.021) (0.026) (0.021) (0.029) (0.023) (0.031) (0.018) (0.031) 
Private School privatenc 0.044* -0.057* 0.030 -0.106*** -0.095*** 0.039 0.022 0.074* 
 
 
(0.024) (0.030) (0.025) (0.034) (0.026) (0.036) (0.023) (0.039) 
Enrollment: 150-199 schlsized2 0.037 -0.052* -0.026 0.025 0.038 0.117*** -0.020 0.116*** 
 
 
(0.025) (0.031) (0.027) (0.037) (0.027) (0.036) (0.025) (0.043) 
Enrollment: 300-499 schlsized3 0.046* -0.063** -0.026 0.026 0.072*** 0.108*** -0.022 0.159*** 
 
 
(0.024) (0.030) (0.027) (0.038) (0.026) (0.036) (0.025) (0.043) 
Enrollment: 500-749 schlsized4 0.047* -0.063** -0.042 0.034 0.084*** 0.164*** -0.064** 0.195*** 
 
 
(0.025) (0.031) (0.029) (0.040) (0.028) (0.038) (0.026) (0.045) 
Enrollment >750 schlsized5 0.043 -0.066** -0.015 0.032 0.042 0.146*** -0.045 0.211*** 
 
 
(0.026) (0.033) (0.029) (0.040) (0.030) (0.041) (0.029) (0.049) 
Instructional level: up to elementary 
school instleveld1 -0.022 -0.044** 0.006 0.044** 0.049*** 0.014 0.003 0.121*** 
 
 
(0.015) (0.019) (0.015) (0.021) (0.018) (0.024) (0.013) (0.022) 
Switched schools schchange 0.127 -0.394 0.072*** 0.023 -0.008 -0.030 -0.020 0.098*** 
 
 
(0.218) (0.274) (0.021) (0.029) (0.017) (0.024) (0.013) (0.023) 
Class size 18-24 clsize_m 0.025** 0.036** -0.007 -0.000 -0.010 0.054** 0.034** -0.019 
 
 
(0.012) (0.015) (0.013) (0.018) (0.015) (0.021) (0.013) (0.023) 
Class size >25 clsize_l -0.001 0.062*** -0.064*** 0.000 -0.003 0.050** 0.026* -0.027 
 
 
(0.016) (0.020) (0.017) (0.024) (0.018) (0.025) (0.015) (0.025) 
Percent. minority students: less 10% minority_d1 -0.004 0.016 0.096*** -0.014 0.104*** -0.002 -0.001 -0.049 
 
 
(0.020) (0.026) (0.020) (0.028) (0.023) (0.032) (0.020) (0.034) 
Percent. minority students: 10-25% minority_d2 -0.021 0.014 0.071*** 0.004 0.109*** -0.104*** 0.023 -0.022 
 
 
(0.020) (0.026) (0.020) (0.028) (0.023) (0.032) (0.020) (0.034) 
Percent. minority students: 25-50% minority_d3 0.036* 0.030 0.036* -0.017 0.088*** -0.000 0.009 0.023 
 
 
(0.020) (0.025) (0.019) (0.027) (0.023) (0.031) (0.018) (0.032) 
Percent. minority students: 50-75% minority_d4 0.017 -0.017 0.022 -0.001 0.123*** 0.033 0.017 0.006 
 
 







Mean school ses meanses -0.039** 0.031 0.075*** -0.014 0.109*** -0.008 0.041*** -0.020 
 
 
(0.015) (0.019) (0.014) (0.020) (0.016) (0.022) (0.014) (0.024) 
Experience tchexp_c -0.001 -0.000 -0.001 0.007*** 0.001 0.004 0.003 0.003 
 
 
(0.002) (0.002) (0.002) (0.003) (0.002) (0.003) (0.002) (0.003) 
Experience, Squared tchexp2_c 0.000 0.000 0.000 -0.000*** -0.000 -0.000 -0.000 -0.000 
 
 
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 
Education: MA degree or higher tcheduc_d_c -0.000 -0.043*** 0.017 -0.012 -0.002 0.025 -0.012 -0.012 
 
 
(0.011) (0.013) (0.011) (0.015) (0.012) (0.016) (0.010) (0.017) 
Type of certificate: Regular or 
Highest tchcert_c -0.022 0.066*** -0.011 0.057** -0.010 -0.077*** 0.013 0.023 
 
 
(0.016) (0.020) (0.016) (0.023) (0.018) (0.025) (0.020) (0.035) 






































































































Constant Constant -0.090 0.039 0.282*** -0.396*** 0.433*** -0.154 0.471*** -0.235 
 
 
(0.077) (0.100) (0.088) (0.126) (0.118) (0.164) (0.119) (0.208) 
 
         Observations Observations 8,713 8,713 10,046 10,046 7,929 7,929 6,832 6,832 
R-squared R-squared 0.781 0.503 0.707 0.293 0.711 0.310 0.819 0.307 
Notes: The specifications include individual controls and school location. 










45-Table A.7.5***: SEM-Teacher and school level effects. Cognitive and non-cognitive skills indices using 5 components (using the 



















  VARIABLES cs_c ncs_c cs_c ncs_c cs_c ncs_c cs_c ncs_c 
                   
Catholic School catholic -0.013 -0.032 -0.034 0.070** -0.036 0.094*** -0.013 0.122*** 
 
 
(0.020) (0.027) (0.026) (0.035) (0.027) (0.035) (0.020) (0.034) 
Private School privatenc 0.043* -0.059* 0.011 -0.134*** -0.109*** -0.010 0.032 0.075* 
 
 
(0.024) (0.031) (0.031) (0.042) (0.032) (0.041) (0.026) (0.044) 
Enrollment: 150-199 schlsized2 0.036 -0.054* -0.027 -0.045 0.028 0.122*** -0.008 0.090* 
 
 
(0.024) (0.032) (0.036) (0.048) (0.032) (0.042) (0.028) (0.048) 
Enrollment: 300-499 schlsized3 0.046* -0.065** -0.047 -0.046 0.068** 0.075* -0.002 0.157*** 
 
 
(0.024) (0.032) (0.036) (0.048) (0.031) (0.041) (0.029) (0.048) 
Enrollment: 500-749 schlsized4 0.047* -0.065** -0.050 -0.053 0.084** 0.132*** -0.052* 0.201*** 
 
 
(0.025) (0.032) (0.038) (0.051) (0.034) (0.044) (0.030) (0.050) 
Enrollment >750 schlsized5 0.042 -0.068** -0.017 -0.031 0.038 0.119** -0.041 0.211*** 
 
 
(0.026) (0.034) (0.038) (0.051) (0.036) (0.047) (0.033) (0.055) 
Instructional level: up to elementary 
school instleveld1 -0.022 -0.045** -0.007 0.039 0.062*** 0.012 0.005 0.137*** 
 
 
(0.015) (0.019) (0.019) (0.025) (0.021) (0.027) (0.015) (0.025) 
Switched schools schchange 0.124 -0.407 -0.024 -0.070 -0.020 -0.057** -0.015 0.086*** 
 
 
(0.216) (0.283) (0.108) (0.146) (0.021) (0.027) (0.016) (0.027) 
Class size 18-24 clsize_m 0.025** 0.037** -0.014 0.040* -0.011 0.072*** 0.024 -0.017 
 
 
(0.012) (0.016) (0.016) (0.021) (0.018) (0.024) (0.015) (0.026) 
Class size >25 clsize_l -0.001 0.064*** -0.069*** 0.013 -0.005 0.054* 0.017 -0.027 
 
 
(0.016) (0.020) (0.021) (0.029) (0.022) (0.029) (0.017) (0.029) 
Percent. minority students: less 
10% minority_d1 -0.003 0.017 0.091*** 0.048 0.126*** 0.001 0.003 -0.033 
 
 
(0.020) (0.027) (0.026) (0.035) (0.028) (0.037) (0.023) (0.039) 
Percent. minority students: 10-25% minority_d2 -0.021 0.014 0.048* 0.047 0.129*** -0.117*** 0.036 -0.003 
 
 
(0.020) (0.026) (0.025) (0.034) (0.028) (0.037) (0.022) (0.038) 
Percent. minority students: 25-50% minority_d3 0.037* 0.031 0.004 0.040 0.102*** -0.007 0.011 0.049 
 
 
(0.019) (0.025) (0.025) (0.033) (0.027) (0.035) (0.021) (0.037) 









(0.019) (0.025) (0.026) (0.035) (0.029) (0.037) (0.024) (0.041) 
Mean school ses meanses -0.039** 0.032 0.084*** -0.015 0.116*** 0.001 0.039** -0.025 
 
 
(0.015) (0.020) (0.018) (0.025) (0.019) (0.025) (0.016) (0.027) 
Experience tchexp_c -0.001 -0.000 -0.001 0.004 0.003 0.006* 0.006*** 0.003 
 
 
(0.002) (0.002) (0.002) (0.003) (0.003) (0.003) (0.002) (0.004) 
Experience, Squared tchexp2_c 0.000 0.000 0.000 -0.000* -0.000 -0.000 -0.000** 0.000 
 
 
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 
Education: MA degree or higher tcheduc_d_c -0.000 -0.045*** 0.026** -0.000 0.000 0.028 -0.015 -0.029 
 
 
(0.010) (0.014) (0.013) (0.018) (0.014) (0.018) (0.011) (0.019) 
Type of certificate: Regular or 
Highest tchcert_c -0.021 0.068*** -0.007 0.059** -0.017 -0.125*** -0.023 0.019 
 
 
(0.016) (0.021) (0.021) (0.029) (0.022) (0.029) (0.023) (0.040) 






































































































Constant Constant -0.156** -0.007 0.238** -0.411*** 0.390*** -0.138 0.466*** -0.351 
 
 
(0.076) (0.104) (0.111) (0.153) (0.140) (0.185) (0.135) (0.234) 
 
         Observations Observations 8,713 8,713 6,840 6,840 6,379 6,379 5,713 5,713 



























This dissertation has analyzed the production of education in the early schooling period, 
using a comprehensive definition of education that includes formal cognitive skills and non-
cognitive skills. The dissertation was motivated by the interest in modeling the relationships that 
occur in school, incorporating behavior into the educational production function, and describing 
the complex process that underlies the production of educational outcomes. In schools, students 
acquire formal knowledge, transmitted by teachers through the instructional framework of a 
curriculum, concepts and theories, and through self-learning. In addition to that, schools are one 
of the primary institutions where interactions among students and between students and teachers 
may shape their behavior and personality development. This dissertation assumed that student 
learning dimensions are not isolated from each other, but interact and can be reinforcing and 
even simultaneously determined. This dissertation has explored whether the analytical tools used 





whether the application of alternative statistical tools –such as students’ fixed effects when 
longitudinal data are available and simultaneous equation models- could help to improve our 
understanding of the production of education’s process and of the importance of the different 
inputs in contributing to enhancing educational outcomes.  
 
8.1. Summary of findings 
This dissertation aimed at better understanding the educational production process and its 
multiple educational outcomes. For this purpose, I proposed three empirical questions about the 
conceptual and statistical structure of the educational production function, whose goals are to 
identify which educational outcomes are generated and which school inputs are most important 
in producing certain outcomes. The dataset chosen for the empirical analyses, the ECLS-K 
dataset, allowed to explore these broad questions in the production of education, and provided 
this research with the opportunity to compare the results from the models that are sequentially 
estimated. While ECLS-K is an extraordinary dataset in this respect, it is limited in the set of 
variables that represent teacher quality, effectiveness, and school characteristics, as discussed 
below. 
Question 1, on the “Estimation of cognitive achievement: an overview of the traditional 
educational production function”, studied the production of cognitive achievement as represented 
by the cognitive skills index, achievement in reading and achievement in mathematics. I utilized 
cross-sectional, student fixed effects and multilevel student fixed effects models to assess the 
associations between these educational outcomes and the school and teacher level inputs.   
The results identified stronger relationships among the importance of the teacher factors 





achievement. These effects were observed in the pooled, longitudinal and multilevel longitudinal 
models. According to the longitudinal and multilevel longitudinal estimates, the teacher 
characteristics that had statistically significant effects on increasing performance were teachers’ 
educational attainment (positive effect, in mathematics, 0.773 points) and type of certificate 
(negative effect, in mathematics, -1.015 points). The relationship between school factors and 
achievement was more noticeable for reading performance than for mathematics performance. 
Some of the statistically significant effects were estimated for school size (negative, in reading, 
as school size increases, between -2.7 and -3.6 points) and type of school (positive, in reading, 
for students in catholic schools, of 4.9 points). The statistics characterizing the students’ fixed 
effects model were supportive of the chosen estimation approach. 
Question 2, on the “Estimation of non-cognitive achievement: educational production 
function for non-cognitive skills”, utilized the same methodological approach as Question 1 to 
study the production of achievement in the non-cognitive skills index, and its components: the 
students’ internalizing behavioral problems, externalizing behavioral problems, and self-control. 
I utilized cross-sectional, student fixed effects and multilevel student fixed effects models to 
assess the associations between these educational outcomes and the school and teacher level 
inputs. 
Focusing on the longitudinal estimates, we note that, on average, students’ non-cognitive 
skills –as defined by the so-called restricted non-cognitive skills index- are higher if they are 
taught by more experienced teachers (0.078 standard deviation increase for a 1 standard 
deviation increase in the teacher’s experience). Some indicators of the effects of school inputs’ 
on performance in the non-cognitive skills suggested a negative association between non-





private non-Catholic school (-0.33 standard deviations) or a school with higher concentration of 
minority students (between 0.066 to 0.105 standard deviations). Contrarily, among those students 
whose class size decreased, there was an improvement on their on average behavioral 
performance (0.02 standard deviations). This class size’s effect is also found in the estimation of 
the determinants of externalizing behavioral problems. The statistics characterizing the 
longitudinal estimates were supportive of the appropriateness of using student fixed effects as the 
estimation approach, versus cross-sectional or pooled estimates OLS. 
In Question 3, “A simultaneous equation model of the determinants of educational 
outcomes: achievement and behavioral skills”, the proposed analysis developed a model that 
represents how education might be actually produced, building on the framework provided by a 
simultaneous equation model for the production of cognitive and non-cognitive skills in school. 
This framework is an attempt to account for simultaneity and interdependence between outcomes 
and several educational inputs, leading to a more realistic formulation of how different 
educational ingredients can be interrelated over time, and acknowledging that educational 
components can be both inputs and outputs of the process, at different points in time.   
The results of the estimation of the SEM supported evidence of  impact of the 
simultaneously determined educational outcomes. Stated differently, cognitive skills have a 
positive influence on the determination of the student’s non-cognitive skills; and non-cognitive 
skills positively affect the determination of the student’s cognitive skills. The associations are not 
constant over grade-levels, and show diverse patterns, depending on the items the skills indices 
comprised, the construction of the scores, the exogenous variables, and the estimation method 
(comparison of 3SLS estimates and reduced form estimates). Overall, the observed trends 





across grade-levels estimated under the 3SLS and the reduced form estimates are different, in 
terms of the convexity or concavity of the relationship (i.e., with whether the growth increases at 
an increasing rate (convex) or at a decreasing rate (concave)), but the overall pattern of 
simultaneous effects also suggest these are increasing across grade-levels. In the preferred cross-
sectional results, using the comprehensive cognitive and non-cognitive skills indices, we noticed 
that the absolute importance of the cognitive skills as a determinant of the non-cognitive skills 
significantly increases over the early grade-levels, and decreases over the latter grade-levels; that 
the importance of the non-cognitive skills as a determinant of the cognitive performance 
increases very little over the first grade-levels, but steadily increases across the last grade-levels; 
and that as a result of these trends, a relative convergence of the size of the coefficients is 
observed. The estimated coefficients for the cross-sectional SEM varied (depending on the 
grade-level) between a 0.084 to a 0.226 standard deviation increase in the non-cognitive skills 
for each standard deviation increase in the cognitive skills; and between a 0.053 to a 0.169 
standard deviations increase in the cognitive skills for each standard deviation increase in the 
non-cognitive skills. These findings confirm the importance of the proposed statistical model and 
estimation technique for better representing the production of education process, and therefore 
constitute one of the main findings of this research.  
Building on the cross-sectional findings, I attempt to estimate a longitudinal SEM. The 
longitudinal SEM estimates suggested that for students between grades K and 5
th
, an increase in 
the non-cognitive skills would not have any impact on the change in the cognitive skills, and an 
increase in the cognitive skills would increase the non-cognitive skills by 0.12 standard 





reasonable estimates for other grade-level combinations (from K to 3
rd






Based on the results obtained under the different methods, the patterns uncovered from 
comparing the estimates across the different specifications and estimation methods have been 
revealing. First of all, the analyses acknowledged that educational researchers face some 
challenges when they are limited to cross-sectional data in undertaking these types of analyses. 
Similarly, interpretation mistakes arise when longitudinal information is available, but it is not 
exploited by appropriate the statistical models. Recognizing   these potential limitations and 
building on findings of studies like this, which compare different methods, may help inform the 
validity of the cross-sectional results even when longitudinal data are not available. Certainly, 
when longitudinal information is available, the range of analyses significantly increases, and the 
results can be informative of a larger variety of issues. Second, the empirical analyses, in 
correcting for students fixed effects were effective in dealing with some of the problems 
associated with selection of schools, and sorting of students (see Chapter III for a list of potential 
sources of bias). However, this method was not able to account for some other non-random 
assignment effects, the ones occurring at the classroom level, and associated with grouping 
students into classes, or assignment of teachers to particular types of students. As long as the 
assignment decisions are correlated with the educational outcomes, the estimates are not fully 
interpretable as causal impacts, but as other associations between inputs and outcomes.  Third, 
the multilevel models were generally found to result in better model fits, but at the same time the 
changes (increases) in the standard errors affected our ability to precisely estimate students and 
teachers’ effects. Fourth,  cross-sectional SEM offered strong support for the usage of this 





Again, a more insightful understanding of the dynamics of the educational production process 
would arise from the development of alternative longitudinal SEM to the version presented in 
this study, which use the longitudinal information, and overcome some of the limitations of the 
current version (see Chapter VII and discussion below). 
 
8.2. Limitations: Dataset, assumptions, and interpretation 
In section 3.5 I set out the assumptions underlying the internal and external validity of the 
previous findings. In section 4.4 and 4.6 I described some of the particular issues that arose in 
constructing the analytical sample and mapping the non-cognitive variables with the personality 
facets. In the interpretation of the results, I mentioned some of potential sources of bias or 
statistical problems that could affect the empirical estimations.  
While some of the assumptions that were employed were plausible and demonstrable, 
others may need further sensitivity analyses to prove their validity. Among these strict 
assumptions, I list the following: 
 What the non-cognitive measures represent. 
The non-cognitive variables utilized in these analyses only partially represent the 
personality traits of an individual, as represented by the Big 5 personality traits. In addition to the 
overall issue of representation, the definitions of the personality constructs available in ECLS-K 
do not necessarily coincide with the socio-emotional outcomes that could be most enhanced 
while in school and pertinent to school performance. Aspects such as creativity (development 
and organization), critical thinking, cooperation, attention, responsibility for sharing, drive and 
motivation (intrinsic and extrinsic), among several others, would ideally be measures to study in 





assessments of the personality variables, from parent, teacher and student assessments, 
unfortunately, identical variables are not available across grades. This prevents me from 
analyzing the correlations among these variables, and understanding whether these assessments 
are similar, and are independent from other characteristics
206
.  
Besides the lack of conceptual adjustment to the personality traits’ map, this phenomenon 
directly contributes to measurement error (as the difference between what I would ideally want 
to measure and the measures available in ECLS-K), which was assumed to be zero throughout 
my analyses. Further research could uncover the degree of bias and efficiency by relaxing this 
assumption and accounting for the consequences of measurement error in the estimates and in 
their interpretation. 
 Variation over time of school and teacher inputs, and outputs’ variability.  
In Chapter IV, I acknowledged that the non-cognitive skills variables did not permit the 
vertical scaling that the cognitive skills variables incorporate, a condition that is required for 
growth or longitudinal analyses. This has been asserted in some papers as a reason to consider 
that the non-cognitive skills values cannot be used in settings measuring change or growth 
(Gottfried, 2012). The hypothesis made in this dissertation was that on the one hand, these skills 
indirectly incorporate vertical scaling, in the sense that the teachers’ rating of the non-cognitive 
behavior would implicitly account for development over age (e.g., the score given by the teacher 
to a child who “acts impulsively” may be in accordance to whether that is tolerable at his/her 
age). However the scores do show variability across grades, which could represent changes in the 
socio-emotional variables of the children. 
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As Allison (2009) noted, it is common for FE estimates to vary markedly from the 
estimates of other methods’. When this happens, FE detects spuriousness in the cross sectional 
estimates, or associations which would just be the result of the correlation between the regressors 
and some time-invariant variables that would affect the outcome. Providing more insight into this, 
Allison says that “whenever conventional regression produces a significant coefficient but FE 
does not there are two explanations: 1-the FE coefficient is substantially smaller in magnitude; 
and/or 2-the FE standard error is substantially larger. Standard errors for FE coefficients are 
often larger than those for other methods, especially when the predictor variable has little 
variation over time”. A strategy to overcome this problem would be to increase the sample of 
students tracked over time, and to detect a way to control for the possibility of non-random and 
non-observable time-variation in the school and teacher level inputs. Importantly, this low 
variation also translates into measurement error, when the information of the relevant 
educational inputs does not coincide with the optimal inputs we would like to consider (see 
below). Before any policy recommendation is made based on empirical findings using the 
framework developed in this dissertation, these concerns should be addressed.  
 Homogeneous effects.  
The specifications discussed in the dissertation are valid under the assumption that the 
coefficients of the remaining variables do not change across groups, and that children of different 
ethnicities, gender, social class, etc., are “equally responsive to changes in covariates” (Fryer and 
Levitt, 2004, p. 453). The consequences of the failure of this assumption would affect the 
validity of the findings across groups, on the one hand. But, on the other hand, the subgroup 
analysis study would uncover interesting interpretations of the associations between school 





analysis of the policy implications of allocating educational resources. Issues such as equity in 
education and finance in education would be enlightened by these analyses (Bifulco, 2005, 
Buchmann, DiPrete, and McDaniel, 2008). 
 Uniqueness of ECLS-K 
The results provided in this study are valid for the students in the ECLS-K study, who are 
observed over the periods that are selected in each of the analyses. Other empirical evidence 
using other databases and settings (including the forthcoming ECLS-K, Kindergarten class of 
2011) could be explored to verify the applicability of the proposed methodology. Ideally, these 
datasets would follow students and teachers across all grade-levels, to better assess the learning 
trajectories of students and how they are influenced by school inputs. 
 
8.3. Further research: on implications for educational policy 
The findings from the analyses and limitations of this study support the exploration of 
future research ideas, especially in the process of considering implications for educational policy. 
This section sets out some of the additional research directions that should be pursued before 
using this study’s conclusions to guide policymaking in education. 
 Explore other non-cognitive skills variables available in ECLS-K, which could 
represent other personality traits that may be developed or produced in school.  
This study did not evaluate the parents’ assessment of the children’s non-cognitive skills, 
which are available in ECLS-K for some of the grade levels. From the comparison of these 
measures with the teachers’ assessments, and the students’ self-reported opinions, research 
should be able to disentangle the influence of the different evaluations on the children’s 





- Parents’ perception of child's social interaction207  
- Parents’ perception of child's self-control208  
- Parents’ social rating scale approaches to learning209   
- Teachers’ social rating scale approaches to learning210  
Although the study of these dimensions using these variables in ECLS-K
211
 would 
modify the analytical sample utilized in this study (in terms of available waves for a longitudinal 
study and students remaining in the study because of overall missing data), an analysis using 
some of these variables would complement the empirical research conducted on this Dissertation. 
A natural extension of the current research would consider alternative non-cognitive skills 
variables and would contribute to a better understanding of the role of non-cognitive skills in 
education. Also, a construction of non-cognitive skills factors using principal components 
analysis instead of indices of a set of variables would introduce more flexibility in the 
dimensions of behavioral skills to consider in this study, including a SEM with more than two 
structural equations.    
 Explore individual level effects 
Although not reported in this study, preliminary analyses of the associations between the 
individual level effects (variables representing children and family characteristics) and the 
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 The parents reported on the children’s ease in joining play, ability to make and keep friends, and positively 
interacting with peers. 
208
 The parents reported on the child’s ability to control his or her behavior (e.g., frequency with which child fights, 
argues, throws temper tantrums, gets angry).   
209
 The parents reported how frequently the child exhibited the following behaviors or characteristics: keep working 
at something until finishes; shows interest in a variety of things; concentrate on a task and ignore distractions; help 
with chores; eager to learn new things; creative in work or in play (from 1=never; to 4=very often). 
210
 The teachers reported how frequently the child exhibited the following behaviors or characteristics: keeps 
belongings organized, shows eagerness to learn new things, works independently, easily adapts to changes in routine, 
persists in completing tasks, pays attention well, and following classroom rules (in grade levels 3 and 5) (from 
1=never; to  4=very often). 
211





different educational outcomes suggested interesting associations that would be worth exploring 
in further detail (see also distributional effects below). For instance, an interesting study would 
be to examine the associations between educational outcomes and parental socio-economic status 
or social class. This study would be address issues of inequality in non-cognitive skills, and 
ground this research into policy.     
 Explore distributional effects. 
This research focuses primarily on a search for school and teacher effects on educational 
outcomes and cognitive and non-cognitive effects on each other. Further research could explore 
whether there are heterogeneous associations between the determinants of achievement and the 
various educational outcomes. There are two main reasons for the breakdown of the analytical 
sample into different population groups. Directly, subgroup analysis is a way to control for 
selective attrition and non-completely at random missing data processes. The consequences of 
these statistical problems –discussed above- are that the composition of the analytical sample is 
not equivalent to the composition of the baseline sample and population of study. If a certain 
population group –for instance, boys, girls, whites, blacks or Hispanics- were more likely to drop 
out from the sample, the on average estimates provided by equations specified in the previous 
sections would not properly capture the impact or importance of the educational inputs on the 
outputs for the population, as suggested by Fryer and Levitt (2004).  
In addition to this, subgroup analysis allows the establishment of a more substantive 
policy debate on the interpretation of the empirical findings obtained in the previous research 
exercises. In particular, a breakdown by gender and ethnicity aligns itself with the empirical 
literature that measures and explains differences in academic and labor market performance 





among population gaps, less is known about the differences in non-cognitive variables among 
population groups.  
The strategy to explain the differences in cognitive and non-cognitive variables across 
population groups involves the estimation of one equation for each population group (boys, girls, 
whites, blacks and Hispanics) and across different levels of social class or socio-economic status. 
This method is preferred to the simple inclusion of an indicator or a dummy variable for each 
group’s indicator –already used in the previous equations- because it allows the coefficients of 
the remaining variables to change across groups. Therefore, the estimates for each group leads to 
an explanation of what factors that have impact on affecting cognitive and non-cognitive 
performance are (Levitt and Fryer, 2004, and Alonso, 2006).
212
 Through the exploration of 
heterogeneous effects across population groups, the interpretation of the results could lead to the 
proposition of a more comprehensive framework that may be useful in designing interventions 
that can increase the educational outcomes of all students, on average and among different 
population groups. 
 Explaining the differences in the impact of educational inputs across the cognitive 
and non-cognitive achievement distribution: a quantile regression approach 
A different strategy to explore heterogeneous effects might be suggested for this analysis. 
The quantile regression approach
213
 provides a measurement of the effect of the explanatory 
variables on the complete conditional distribution of the dependent variable. The proposed 
models would examine the impact of different educational inputs at different points of the 
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 In order to test the differences between cognitive and non-cognitive variables across population groups, two 
methods are suggested: one, the Chow test, which determines whether a multiple regression model differs across 
groups (Wooldridge, 2009, p. 449). The second method would be the Oaxaca decomposition. This method explains 
the gap in the means of an outcome between the groups by decomposing it into the part that is due to group 
differences in the magnitudes of the determinants of the outcome, and group differences in the effects of these 
determinants.  
213





cognitive and non-cognitive achievement distribution, i.e., the educational production function 
would be estimated using the quantile regression technique, measuring the impact of the diverse 










 percentiles of the achievement 
distributions.  
Another consideration is that the quantile regression estimation could help interpret the 
different impacts that school and teacher inputs can have for students at different points in the 
achievement distributions if differences in attrition and missingness across the percentiles were 
different. As indicated in the previous bullet point, if a certain group in the achievement 
distribution –underachievers in cognitive skills, overachievers in non-cognitive skills, etc.- were 
more likely to drop out from the sample, the on average estimates provided by equations 
specified in the previous sections would not properly capture the impact or importance of the 
educational inputs on the outputs for the population, and the quantile estimates would be better 
estimates of the associations between achievement and school and teacher inputs across the 
achievement percentiles. 
 Peer effects in the analysis of non-cognitive skills 
The educational production function literature –starting from the Coleman Report, in 
1966- has widely studied the importance of the educational background of other students in the 
classroom and school. An extension of the current work would entail the analysis of the 
importance of the peers in the development of the students’ non-cognitive skills214. This analysis 
would also reveal the changes in the relationships between educational inputs and outcomes once 
the peers’ non-cognitive skills have been controlled for. 
 Imputation 
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 Gottfried (2012) studies the peer-effects of some of the non-cognitive measures utilized in this dissertation 





As mentioned above, missing data is a danger affecting almost all empirical research 
analysis, and application of missing data correction processes faces a dilemma according to some 
of the literature. An extension of this study would build on the assumption that missing data 
imputation is a valid statistical tool, if conducted carefully, and that the benefits of conducting 
multiple imputation (in terms of reducing bias, reducing the efficiency loss and providing correct 
standard errors associated to the point estimates) largely outweigh the costs (if any). In the 
current framework, imputation is an attempt to increase the external validity of the on average 
estimates, assuming missingness and attrition follow a not missing at random mechanism 
(NMAR)
215
, ie, missingness depends on the values of the items that are missing. However, the 
common challenge for research of dealing with missing data is particularly acute for longitudinal 
analysis (Graham, 2009, p. 550), and clustered datasets (Swodoba, 2012) and the implementation 
of this statistical adjustment is suggested as a study independent from this dissertation.  
 A reconsideration of the educational production function’s linear specification  
As suggested by Levin (1980), “empirical studies of the educational production function 
are based on the attempt to link statistically a list of inputs with a particular output, without the 
assistance of any underlying theory” (p. 205). “The lack of theoretical development is likely to 
derive from the underlying complexity of the phenomena that are being explored or from other 
obstacles that prevent the type of simplification and reductionism necessary for the systematic 
construction of a conceptual framework”.  The linear specification of the production of education 
states that the educational process is operated as a linear and additive combination of the 
educational inputs, which does not necessaritly represent how those educational services are 
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 According to Allison (2002), McKnight, McKnight, Sidani, and Figueredo (2007), and Graham (2009), missing 
data mechanisms are classified into missing completely at random (MCAR), missing at random (MAR) and missing 
not at random (MNAR). With MAR, missingness may depend on the observed data, but not on unobserved data. 
With MCAR, missingness does not depend on the observed data. With MNAR, missingness depends on unobserved 





converted in educational outcomes (both because the students’ are the ones who finally 
transform them into learning opportunities and outcomes, and because the process may be more 
complex). Some extensions of this study would recommend exploration of the interactions 
between the teacher and school variables with some of the students’ characteristics. Besides the 
population groups’ interactions, this study would recommend analysis of the potential 
interactions between the teacher’s indicators with the level of skills, in the SEM specification, or 
with the complementary skill in a reduced form setting
216
.  
 A reconsideration of the educational inputs 
The educational inputs that are used in this study and derived from ECLS-K to explain 
the variation of the students’ performance may not be good representatives for resources that are 
actually being used to produce education. As an example, Levin (1980) cites that “the inclusion 
of teacher characteristics or capacity variables, by themselves, is inadequate because they do not 
reveal the degree to which such characteristics are converted into educational services” (see p. 
221). In this paper, teachers’ contribution to learning is said to be better represented by “quality 
of instruction and the allocation of instructional time when taken together: time, effort and time 
allocation of the teacher”. The information of the teacher used in this dissertation actually fits 
with the definition of who the teachers are (their credentials), rather than what the teachers do in 
the classroom, which is undobtedly consequential when understanding teachers’ effects on 
students’ outcomes (Algan, Cahuc & Shleifer, 2011; Goldhaber, 2002). For schools there are 
additional characteristics of the learning environment that might be employed and might affect 
instruction and instructional outcomes.  This could constitute one of the most urgent extensions 
to consider (see below recommendation for using alternative datasets –only those containing 
                                                          
216
 This analysis could be complemented with a quantile regression estimation of the production of education, which 





information on educational outcomes and inputs). Both quantitative and qualitative information 
on teachers’ personality skills, teaching practices, and school’s climate could help improve our 
modelling of the educational production process.  
 Expansion of the map of the production of education and evaluation of 
educational policies incorporating assessments of behavior development: accountability policy.  
The first area in which notable changes can be made if the assessment of non-cognitive 
skills was expanded is education accountability. In a recent opinion article, Gordon (2013)
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says that he is “convinced that the exclusive emphasis on the use of standardized achievement 
test data as the basis for punishment driven accountability in education is not only poor 
educational policy, it is an ineffective and immoral policy. […] [T]he use of these tests for 
punitive purposes is wrong in that these tests […] not only provide incomplete and insufficient 
information, they appear to be associated with defensive malpractice”. For Gordon, the 
relationship “between performance on these tests and teaching and/or learning behaviors is 
problematic”, and he claims that the development of other “assessment instruments and 
procedures” based on more inclusive and qualitative procedures (such as analysis and 
documentation of teaching and learning processes and their associated outcomes) “are 
considerably more informative of pedagogical intervention”. Whether Gordon’s ideas on what 
the other instruments and procedures provide would assign any value or weight to the assessment 
of non-cognitive skills would be pure speculation at this point. However, it is clear, on the basis 
of his notes, that current accountability policy is yet to be improved by incorporating other 
“information of and supportive to teaching and learning”, which, in my opinion, could certainly 
open some room for behavioral skills assessment. Educational policy would need to stimulate the 








production (measurement and reward) of any type of skills that will be useful for the professional 
and personal development of individuals, regardless of whether these are high performance in 
mathematics or high levels of creativity. Similarly, if we knew that it is through teacher’s 
motivation how students’ interest in learning is generated, then some systems for tracking (and 
rewarding) teachers’ ability to enhance students’ interest in school could be designed. 
 Expansion of the map of the production of education and evaluation of 
educational policies incorporating assessments of behavior development: returns to education 
and other adulthood outcomes.  
Ultimately, assessment should not be limited to the compulsory schooling period but 
extended to other later periods in which these skills could be playing a role. This would include 
transitions into higher education, and transitions into labor market. For instance, the effects of 
higher educational attainment on other adulthood outcomes have been assessed and causal 
relationships have been established. However, little is known about which specific non-skills 
would positively affect other adulthood outcomes, or what the ideal combination of personal 
traits is. Eventually, other datasets could be explored in these regards: the National Longitudinal 
Study of Youth 1979 or 1997, and the Educational Longitudinal Study 2002 or 2008 could be 
exploited in these regards. Internationally, one possibility could be to examine the OECD’s 
Skills Survey (the Programme for the International Assessment of Adult Competencies 
(PIAAC)), which will become available later this year. As stated by Heckman (2004): 
“[However,] current policies regarding education and job training are based on fundamental 
misconceptions about the way socially useful skills embodied in persons are produced. By 
focusing on cognitive skills as measured by achievement of IQ tests, they exclude the critical 





determine success in life. Furthermore, this preoccupation with cognition and academic “smarts” 
as measured by test scores to the exclusion of social adaptability and motivation causes a serious 
bias in the evaluation of the human capital interventions”. This statement highlights the multiple 
areas in which education effects could be re-assessed, besides the production of education: the 
returns to education, the investment in education, the assessment of the quality of education, the 
cost-benefit analysis in education, etc. (see Levin, 2011, for an overview of the areas of work in 
the Economics of Education).  
 The “ideal” non-cognitive skills in school.  
As strongly as this research supports the importance of non-cognitive skills in the 
educational process, unfortunately it did not contribute to answer the question of which the ideal 
non-cognitive skills are, or which combination of non-cognitive skills is key to enhance 
cognitive performance and other adulthood outcomes (if they were the same).  
Part of the reason why these ideal skills are not identified is that the simultaneous effects 
are estimated using indices, rather than individual components of the indices (this could be 
improved using factor analysis or individual components of the indices, as mentioned above). 
However, the fact that the estimated coefficients of the simultaneous effects decreased after 
controlling for teachers’ assessment of cognitive skills is really worrisome. This might imply that 
the assessment of the non-cognitive skills is highly influenced by the child’s cognitive 
performance, rather than based on personality and psychology development of the children. For 
this reason, more accurate personality assessment should be made available during the school 
years, and more awareness of the importance of this assessment should exist among teachers (if 





psychologists, using validated tests that truly gather personality information and that are adapted 
to different students’ ages.  
In addition to tests suitable to students, findings of the research suggested in the previous 
bullet point could also be useful to outline the ideal classification of non-cognitive skills. For 
instance, if a particular behavioral trait, such as persistence, was a statistically significant 
predictor of higher earnings or other adulthood outcomes, then measuring persistence in school 
and identifying how persistence is generated in school would be important. More research would 
be needed in this regard.   
 Other statistical methods and identification strategies.  
The limitations of the findings of the empirical work developed in this dissertation that 
were pointed out in previous sections should encourage the development of more solid versions 
of the current statistical estimation methods, and maybe seek for alternative strategies. Besides 
the improvement of the longitudinal SEM and modifications of the student FE models, a 
significant boost to the importance of behavioral skills for academic performance would come 
from the design of an experimental analysis of these types of skills and of teachers’ effects on the 
production of cognitive and non-cognitive skills.  
 
8.4. Concluding remarks 
This dissertation demonstrates that our understanding of the production of education 
would improve if a multidisciplinary study of the process were undertaken. In particular, this 
study, combines the Economics of Education’s theoretical frameworks, with the conceptual and 





As an immediate implication of this study, an interdisciplinary analysis would expand the 
analytical possibilities in the study of the production of education.  
The conclusions of this dissertation indicate that potential benefits arise if relatively 
unexplored statistical methods in the study of education, such as longitudinal models or 
simultaneous equations models of the production of education, are incorporated into the set of 
analytical tools available to model the educational process. The validation of the statistical 
methods builds upon the existence of comprehensive statistical information on the students, so 
that the methods can be verified in an applied manner. The validity of the measures representing 
the non-cognitive skills relies on contributions from psychology to ensure the correspondence 
between the items in the survey and the personality traits that are the focus. Most of the explored 
relationships have been suggested by sociologists as well, and delineated in some of their 
theoretical contributions.  
Although this dissertation raised several questions beyond its answers, and did not 
directly provide educational policy with solid utilizable evidence to base its decisions on in the 
current form, it identified analytical resources that could be useful when seeking answers. The 
analyses and the discussion of their interpretations also set out potential strategies to do so, and 
outlined a useful methodology to model and study the production of education, to be 
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